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ASTRACT 
Three in-process, mixed material-caused flash monitoring systems in the injection 
molding process have been developed in this research. They are: (1) the in-process, mixed 
material-caused flash monitoring (IPMFM) system under fixed processing parameter 
settings; (2) the artificial neural networks-based, in-process, mixed material-caused flash 
monitoring (ANN-IPMFM) system under a different combination of processing parameters 
settings; (3) the fuzzy neural networks-based, in-process, mixed material-caused flash 
monitoring (FNN-IPMFM) system under a different combination of processing parameters 
settings. 
The IPMFM system was developed to monitor flash in-process under mixed-material 
feeding conditions while other processing parameters are set at fixed optimum values. The 
vibration signals during the mold opening, closing, and injection filling stages were captured 
in real-time by the PCB accelerometer sensor, then transmitted, amplified, collected and 
converted into digital data by DaqBook 100 in the personal computer. These data were 
analyzed to generate a process characteristic indicator. After a number of consecutive parts 
were made based on different process characteristic indicators, a flash prediction threshold 
value was established based on pure material feeding and through the approach suggested by 
the statistical control mechanism. When the machine was running, a real-time process 
characteristic indicator was generated and then compared with the flash prediction threshold 
value to determine whether or not flash will flash occur. By testing both pure material and 
mixed material feeding conditions, the IPMFM system was shown to monitor flash with at 
least 94.7% accuracy. 
xii 
The artificial neural networks (ANN) approach has been developed to be employed in 
the IPMFM system while operating within a certain range of processing parameters. This 
ANN-IPMFM system consists of two sub-systems. One is the vibration monitoring sub­
system, which collects processing vibration signals by the PCB accelerometer sensor and 
then generates a process characteristic indicator to determine whether or not flash will occur 
in an on-line, real-time fashion. The other is the threshold prediction sub-system, which is 
based on the ANN approach. This sub-system works to predict the flash control threshold 
based on different processing parameter setting combinations. The developing (training) 
procedure of this sub-system includes four major steps: (1) Construct an experimental design 
to collect data for ANN training; (2) Determine the input and output variables in the ANN 
model; (3) Scale and prepare the data set before ANN training; (4) Implement PCN-based 
training procedure to determine the optimal ANN model. After both sub-systems were 
developed, the ANN-IPMFM system was developed by integrating the two sub-systems and 
comparing process characteristic indicators with flash control thresholds to monitor flash in a 
real-time fashion. The ANN-IPMFM showed 92.7% accuracy in flash monitoring when 
mixed-materials were used. 
Fuzzy neural networks (FNN) have reasoning and learning capabilities that can be 
applied in injection molding flash monitoring. The fuzzy neural networks-based, in-process, 
mixed material-caused flash monitoring (FNN-IPMFM) system has been developed in this 
research. This system integrates two sub-systems: the vibration monitoring sub-system and 
the FNN-based flash prediction sub-system. The developing procedure of this FNN-based 
flash prediction sub-system consisted of five steps: (1) Divide both the input and output 
domains into fuzzy regions and create membership functions; (2) Generate fuzzy rules for 
xiii 
the given data; (3) Solve conflicting rules; (4) Develop fuzzy rule bank; (5) Defuzzification. 
Integrating both sub-systems, the FNN-IPMFM showed 96.1% accuracy in monitoring flash 
when mixed-materials were used. 
The efficient performance in these systems indicates that the ANN-based or FNN-
based, in-process, mixed material-caused flash monitoring system can be applied to monitor 
flash and to help identify and correct mixed material problems in real-time and in an on-line 
fashion in the injection molding process. 
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CHAPTER 1. GENERAL INTRODUCTION 
Introduction 
Background of the Study 
The plastic injection molding process is the most commonly used manufacturing 
process in the plastic industry due to its capability for mass production and relatively low 
cost. The injection molding process is conceptually simple. In the process, plastic is melted 
and then forced into the cavity of a closed mold under high pressure. After sufficient time, it 
solidifies into the desired shape by cooling, the mold opens, and the part is removed. Then 
next injection cycle begins (Strong, 2000). 
There has been a tremendous increase in the demand for injection molded products in 
recent years. More and more plastics have been consumed and discarded, which has resulted 
in a shortage of petroleum, as well as waste disposal and pollution problems (John, Tang, & 
Bhattacharya, 1998; Zhong & Sun, 2001). Therefore, recycled plastics from defective parts, 
trimmings, and other manufacturing scraps have been widely used in the injection molding 
process over the past several years, ranging in use from very small-scale reprocessing in 
small companies to huge programs that generate thousands of tons of reprocessed materials 
(Richardson & Lokensgard, 2003). However, recycling plastics can often result in mixed 
material that can vary significantly from batch to batch, especially in contaminant levels or 
degree of mixtures with other plastics. When mixed material is fed into injection molding 
system, product defect will occur because each of the mixed materials has a different melting 
temperature and may flow into the mold at a different speed (Osswald, Turng & Gramann, 
2001). Flash, as showed in Figure 1, is one of the most common defects that occurs under 
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such conditions since the one of the mixed plastic materials may flow faster and stretch over 
the edge of the mold cavity. 
Figure 1. Injection-molded tensile bar without and with flash 
Recycled mixed material can bring flash to both the injection mold and molded parts, 
thus causing damage to a closing mold if it flakes off or sticks to the mold surface, and also 
causing more manual work to trim the parts. If a mold or a part is flashing, it should be 
detected and corrected immediately (Bryce, 1996). In the real plastic injection molding 
industry, 100% flash inspection is just a dream since this process is still plagued by complex 
process dynamics, material properties, and high cost issues. As a result, flash inspection is 
usually done by means of manual work or off-line inspection by routinely collecting and 
inspecting the every product. For instance, Accumold Dynamic Components and Systems 
Corporation in Ankeny, Iowa employs an off-line inspection method to inspect parts used for 
electronic boards during the injection molding process when using recycled plastics (R.A., 
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Hargens, personal communication, May 4, 2003). Normally, one operator will control at least 
five CNC injection molding machines and routinely collect parts every hour to inspect flash 
or other defects. This method can only inspect very small percentage of the thousands of 
parts being produced. If the recycled plastics contain mixed materials and are fed into the 
injection molding machine, flash will occur, thus causing several defective parts during the 
regular inspection time, which will result in more waste products and an increase in the 
production cost. 
The development of an in-process flash monitoring system that can monitor flash in 
real-time and on-line with an inspection rate of nearly 100% could prevent flash from 
occurring between the routine inspection times in the injection molding process. A lot of 
research has been conducted on in-process defect monitoring systems in the injection 
molding process in recent years. For example, a few systems have been developed to monitor 
part weight or dimension (Smith, 1993; Xia & Mallick, 1997; Rewal, Toncich & Friedl, 
2000). In these systems, when part weight or dimension is out of the tolerance, defects will 
occur and the problem will be inspected by the operator immediately. Lee and Young (1999) 
developed an on-line part shrinkage monitoring system to predict the shrinkage range of 
crystalline polymers and therefore identify defective parts. 
Other systems have been developed (Choi, Lee, Chang & Kim, 1994; Petrova & 
Kazmer, 1999; He, Zhang, & Lee, 2001), mainly to deal with setting and resetting processing 
parameters based on the parts' defects, such as flash, short shot, weld line, and cracking. 
These systems worked successfully in processing parameter optimization and defects 
minimization. Once the parameters are setting at optimum values, flash or other defects 
rarely happen if pure material is used. However, when recycled mixed materials are used in 
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injection molding, flash often occurs even at optimum processing parameters settings. 
Therefore, this research focuses on the development of an in-process, mixed materials-caused 
flash monitoring system (IPMFM) within a certain range of processing parameters in the 
injection molding process. This LPMFM system has the following capabilities: 
1. Detect flash while monitoring mixed materials based on fixed optimum processing 
parameter settings. 
2. Adapt to processing parameter changes and predict flash based on a decision-making 
approach with the use of an IPMFM threshold prediction sub-system. 
In order to develop the IPMFM system, two major components are needed: a sensor 
technique and a decision-making mechanism. The sensor can be used to capture the 
characteristics of the injection molding process, while the decision-making mechanisms can 
be applied to analyze the sensor signal and perform monitoring functions. These components 
will be discussed in the following sections. 
Sensor Techniques 
There have been several sensor techniques used in in-process defect monitoring in the 
injection molding process. Woll and Cooper (1997) studied mold cavity pressure patterns by 
using a cavity pressure sensor. They demonstrated that the desired cavity pressure patterns 
are associated with desired part quality, and that a change in the desired pattern might be a 
sign of part defects. Research by Wang, Cao, Jen, Nguyen, & Viens (1997) suggests that 
traditional sensors, such as theormocouples and pressure sensors, have several limitations, 
including slow response, unsteadiness, and non-repeatability. Therefore, advanced 
measurement sensors are continually needed. An ultrasonic sensor was employed to study 
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on-line ultrasonic monitoring of the injection molding process using pulse-echo techniques to 
interpret the solidification process. Wireless pressure sensors and smart vision sensors have 
also been investigated recently (Braun, 2002; Kazmer, etc., 2003; Zuech, 2003). The wireless 
pressure sensors allow the on-line measurement of cavity pressure to be free of obtrusive 
wires. The smart vision sensor system is very effective in detecting part dimensions. It is an 
integrated unit that includes camera, lighting, and intelligence to detect part dimensions. 
However, these sensors are still too expensive for injection molding manufacturers to install 
(Zuech, 2003). 
An accelerometer sensor has been used to monitor the vibration of milling operations 
to develop an on-line surface roughness measuring technique to be used in turning operations 
(Jang, Choi, & Kim, 1996). The accelerometer sensor can detect vibration signals caused by 
a change in cutting parameters. The surface roughness of the product can be predicted in real­
time with reasonable prediction accuracy. Thus, an accelerometer sensor was selected in this 
research to capture the processing vibration signals during the injection molding process for 
development of the IPMFM system. 
Decision-Making Mechanisms 
After the accelerometer sensor was selected for this research, decision-making 
mechanisms were developed to enable the IPMFM system to detect flash while the machine 
is in-process. This proposed system integrates two sub-systems as shown in Figure 2. One is 
the monitoring sub-system, which collects processing vibration signal and then provides 
information to determine whether or not flash will occur in an on-line, real-time fashion in 
the injection molding process. The other sub-system works to predict the flash control 
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threshold while the processing parameter settings differ from the ones set by the monitoring 
























Figure 2. Structure of the IPMFM system 
Currently, injection molding manufacturers use statistical process control (SPC) 
(Wetherill & Brown, 1991; Osswald, Turng, & Gramann, 2001) for monitoring part quality 
and processes. Although this approach is not used in a real-time fashion, it has been 
reasonably successful in the improvement of injection molding quality control. In this 
approach, the researcher attempts to adapt SPC mechanism for the construction of the 
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IPMFM sub-system to monitor flash caused by mixed materials. The further development of 
this system will be evaluated in the following chapter. This monitoring sub-system can be 
developed based on fixed optimum processing parameter settings. The mechanism is only 
available and sufficient for a combination of fixed parameters for a particular injection 
molding machine. However, the processing parameter settings can be changed within a 
certain range based on part design or customer request. 
Therefore, the aforementioned monitoring sub-system cannot be used for all 
combination of parameters within the certain range. For example, if the injection molded 
tensile bar using polystyrene (PS) requires an injection speed set at 90 %, a melt temperature 
at 430° F, and a holding pressure at 900 psi, the monitoring sub-system is built based only on 
this setting. It cannot to be used to monitor a different combination of parameter settings, 
even if, for example, those settings fall within the range of 400 - 450° F, which is, according 
to some experts, the optimum range of parameter settings (Farrell & Dzeskiewicz, 1994; 
Rowland & Kazmer, 1996). Therefore, another sub-system should be integrated to help 
adjust the monitoring threshold when parameter combinations differ from the setting of the 
monitoring sub-system. Creating a reference table of possible parameter combinations 
requires hundreds of slow and costly experiments. Therefore, the intelligent system 
suggested in their research calls for the development of such a threshold prediction sub­
system, as is the case in this research. 
The literature review shows that many intelligent systems have been applied to 
maintain a certain range of optimum parameter settings for the quality control of a particular 
injection molding machine, including fuzzy logic, artificial neural networks (ANN), fuzzy 
neural networks (FNN), etc. (Smith, 1993; Choi, Lee, Chang, & Kim, 1994; Gupta & Rao, 
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1994; Demircy & Coulter, 1994,1997; Rewal, Toncich & Friedl, 1998; Petrova & Kazmer, 
1999; Tan & Yuen, 2000; He, Zhang, & Lee, 2001). For example, Tan and Yuen (2000) 
used fuzzy logic theory to determine and optimize the set-points of the injection molding 
processing parameters so as to minimize the defects of the molded parts. Choi, Lee, Chang, 
and Kim (1994) used artificial neural networks to optimize processing parameters and predict 
injection molding part defects. Fuzzy neural networks have reasoning and learning 
capabilities that can be applied in injection molding defects monitoring. He, Zhang and Lee 
(2001) developed a fuzzy neural network system for parameter resetting and defect 
monitoring in injection molding. This system can predict the necessary adjustments for each 
parameter to reduce or eliminate the observed defects, thus drastically reducing production 
time and effort. 
In summary, the SPC mechanism, ANN, and FNN have been reviewed in order to be 
adapted into the proposed IPMFM monitoring sub-system. 
Purpose of the Study 
The purpose of this research is to develop an in-process mixed-material-caused flash 
monitoring (IPMFM) system in the injection molding process. The IPMFM system, as shown 
in Figure 2, consists of two sub-systems: 
1. A monitoring sub-system to predict mixed-material-caused flash with fixed processing 
parameter settings while the injection molding operation is taking place. 
2. An threshold prediction sub-system that predicts the flash control threshold based upon 
the current processing parameter settings. These settings may differ from the ones set by 
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the monitoring sub-system, and this system therefore adapts to any necessary changes in 
processing parameter settings. 
Significance of the Study 
In terms of injection molding quality control, it is not enough to monitor flash without 
considering the problem of using mixed-materials. The IPMFM system in this research 
provides real-time flash monitoring to ensure part quality in the injection molding process 
when recycled materials are used. This system could be utilized in the injection molding 
industry to immediately identify a potential problem with mixed-material and adjust the 
parameter settings within the suggested optimum range in order to prevent flash while the 
operation is in-process. Thus, the occurrence of flash would significantly decrease and the 
mixed-material problems could be detected and corrected. 
Research Questions 
The following questions needed to be resolved in this research in order to develop the 
IPMFM system: 
1. Can an accelerometer sensor be effectively utilized in the injection molding process to 
monitor the occurrence of flash? Can it identify any abnormal signals that indicate when 
flash will occur? 
2. Is the monitoring sub-system capable of successfully predicting flash based on the use of 
fixed optimum process parameter settings during the injection molding process? 
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3. Can the threshold prediction sub-system (which is based on the ANN and FNN 
approaches) be integrated with the monitoring sub-system to adapt to a certain range of 
processing parameters and predict flash accurately when mixed-materials are used? 
Procedure of the Study 
The procedure for the development of the proposed IPMFM system is listed in the 
following steps: 
1. Develop the experimental set-up consisting of hardware and software. 
2. Develop an experimental design to collect data. 
3. Develop the monitoring sub-system based on SPC mechanism. 
4. Once the above subsystem is successful, select the injection molding processing 
parameters and identify a range of parameter settings for the application of the 
threshold prediction sub-system. 
5. Develop ANN-based threshold prediction sub-system. 
6. Integrate sub-systems from steps 3 and 5 to test the flash monitoring accuracy 
performance within a certain range of parameter settings. 
7. Develop FNN-based threshold prediction sub-system. 
8. Integrate sub-systems from steps 3 and 7 to test the flash monitoring accuracy 
performance within a certain range of parameter settings. 
9. Summarize results and discussion, draw conclusions, and recommend future work 
based on current findings. 
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Dissertation Organization 
This dissertation is organized into five chapters. Chapter 1 contains the introduction 
in which the problem of the study, the purpose of the study, the significance of the study, the 
research questions, and the procedure of the study are addressed. Chapters 2, 3, and 4 consist 
of three submitted papers which fulfill the research questions. Each paper is closely related to 
the research topics of in-process mixed-materials-caused flash monitoring system. 
Paper 1 (Chapter 2) is the development of an in-process, mixed material-caused flash 
monitoring (IPMFM) system in the injection molding process. The goal of first paper in this 
research is to monitor flash in injection molding operations using mixed materials while 
other processing parameters are optimized. The data of the vibration signals during the mold 
closing and injection filling stages were collected in real-time by an accelerometer sensor. 
These data were analyzed and a model was constructed to obtain a flash prediction threshold 
value. This developed system is evaluated via experiments. This paper has been submitted to 
the International Journal of Manufacturing Science and Technology for review. 
Paper 2 (Chapter 3) is the development of ANN-based in-process mixed material-
caused flash monitoring (ANN-IPMFM) system under a different combination of processing 
parameters settings. The ANN-based threshold prediction sub-system was integrated with the 
monitoring sub-system and was used to detect mixed-material-caused flash within the 
following processing parameter ranges: injection speed from 85% to 95%, melt temperature 
from 430 to 450° F, and holding pressure from 900 to 1100 psi. This paper has been 
submitted to Journal of Polymer Engineering and Science for review. 
Paper 3 (Chapter 4) is the development of FNN-based in-process mixed material-
caused flash monitoring (FNN-IPMFM) system under a different combination of processing 
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parameters settings. The FNN-based threshold prediction sub-system integrated with the 
IPMFM monitoring sub-system is available to detect mixed-materials-caused flash within 
these processing parameter ranges: injection speed from 85% to 95%, melt temperature from 
430 to 450 °F, holding pressure from 900 to 1100 psi. This development allows the 
researcher to determine whether FNN-based or ANN-based sub-systems are more accurate in 
monitoring flash from the use of mixed materials. This paper has been submitted to The 
International Journal of Advanced Manufacturing Technology for review. 
Chapter 5 offers conclusions and recommendations for future research. This chapter 
summarizes the major achievements and findings of this research, and provides 
recommendations for potential future work based on current achievements. 
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In-Process Mixed Material-Caused Flash Monitoring (IPMFM) System in the Injection 
Molding Process 
(A paper submitted to the International Journal of Manufacturing Science and Technology) 
Jie Zhu, Joseph C. Chen, and Zhe Zhang 
Iowa State University 
Abstract 
This paper describes the development of an in-process mixed material caused flash 
monitoring system (IPMFM) in the injection molding process. The goal is to monitor flash in 
injection molding operations under mixed material feeding conditions determined by 
recycled plastic materials while other processing parameters are optimized. The data of the 
vibration signals during the mold closing and injection filling stages were collected in real­
time by an accelerometer sensor. These data were analyzed and a model was constructed to 
obtain a flash prediction threshold value. The IPMFM system was shown to monitor flash 
due to mixed materials with at least 94.7% accuracy during the injection molding process. 
Keywords: Injection molding; Flash; Accelerometer; Recycled plastics; Sensor 
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1. Introduction 
Global competition has increased standards for product quality control in the injection 
molding process. Successful quality control for injection molding results in products 
demonstrating a combination of four factors: good part design, good construction of the mold 
used to produce parts, sound processing techniques, and proper materials selection. Although 
advanced design methods and new processing technologies have been employed in injection 
molding, improper usage of material still causes some problems [1], 
Improper usage of materials includes incorrect material composition and material 
contamination. Incorrect material composition involves choosing the wrong plastics for a 
particular process or product. Material contamination often occurs as a result of using 
recycled plastics. The use of recycled plastics has increased in recent years due to a shortage 
of petroleum and in increase in waste disposal and corresponding environmental problems 
caused by plastics. Various plastics are recycled from defective parts, trimmings and other 
manufacturing scrap. This usage ranges from very small-scale reprocessing in small 
companies to huge programs that generate thousands of tons of reprocessed materials [2], 
However, recycled plastics can vary significantly from batch to batch, especially in 
contaminant levels or degree of mixtures (the correct material becomes contaminated with a 
second material) of other plastics. As a result, injection molding process produces lower-
quality products and has a higher tendency toward flash, which is a significant part defect in 
the injection molding process. 
Flash, as shown in Figure 1, is an injection molding part defect that occurs when 
excess plastic material flows into the cavity of the mold and seeps out [3]. Flash can be 
caused by excess injection pressure, high injection speed, improper mold closure, low 
holding pressure, or improper material feeding. Flash may cause additional manual work to 
trim the product, resulting in lower process efficiency. Therefore, techniques are needed to 
inspect the flash of a plastic product during injection molding to maintain a desired part 
dimension and control part quality. 
There are two main approaches for inspecting part defects: off-line or on-line 
measurement. One common off-line technique is called statistical quality control (SQC) [4], 
In this technique, injection-molded parts are routinely connected and tested with a certain 
instrument. Information regarding the current injection molding machine's performance is 
then reported to the operator. This technique is time-consuming and inefficient since the 
evaluation of the whole process is based on samples. Alternatively, on-line measurement 
requires the injection molding process to be interrupted to inspect a part for measurement. 
This technique cannot detect the interactions of processing parameters and the machine must 
be adjusted and set up again. Therefore, an in-process monitoring system is required to fulfill 
the real-time inspection and monitoring of flash during the injection molding process. 
The purpose of an in-process mixed material caused flash monitoring (IPMFM) 
system is to predict flash in real-time so that the injection molding machine can be shut down 
immediately and the mixed material problem can be identified. To develop such a system, 
Flash 
Figure 1. Injection molded product with flash 
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two major components are necessary: a sensor to monitor process and a decision making 
mechanism. 
A review of relevant literature provides insight on sensor technologies used in 
monitoring the injection molding process. Woll and Cooper [5] studied mold cavity pressure 
patterns by using a cavity pressure sensor and applying an artificial neural network to control 
part quality. Cavity pressure patterns were simulated and shown to be similar to real patterns 
during injection molding filling, holding, and cooling stages. Since the desired cavity 
pressure patterns are associated with desired part quality, the change in the desired pattern 
might be a sign of part defects. However, the experimental results showed that the pattern 
set-point (a processing parameter) change only resulted in a 0.03% decrease in part 
dimension change, which was not significant for part defect identification. Therefore, this 
method can only be used for part quality control where tight tolerances are required. Since 
flash monitoring requires a looser tolerance, this method does not apply. 
Thomas and Bur [6] constructed an optical fiber sensor for monitoring polypropylene 
injection molding. This sensor created an optical view through the thickness of the molded 
part. The measured optical signal was light that transmitted through the resin, reflected off 
the wall of the mold, and returned through the resin to the optical sensor. This technique was 
very useful for measuring crystallinity of the molded part, but it could not detect flash. 
Wang et al. [7] employed an ultrasonic sensor to study on-line ultrasonic monitoring 
of the injection molding process using pulse-echo techniques. The presence of molten 
polymer flow front arrival during the filling stage was detected by monitoring the change in 
the ultrasonic wave reflection coefficient at the steel mold-polymer interface. Ultrasonic 
monitoring allowed a smooth transition from the filling stage; thus avoiding a high impact on 
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the mold and reducing part flash. However, this technique does not predict flash well because 
it is difficult to find the arrival time difference between products with flash and those without 
flash. 
Based on the limitations of the sensors described above, an inexpensive and effective 
sensor is needed for the IPMFM system. Lou and Chen [8, 9] used accelerometer sensors and 
developed an in-process surface roughness prediction system in milling and end-milling 
operations. Vibration signals from cutting parameters can predict surface roughness on-line 
and in real-time with about 90% prediction accuracy. Vibration is important during mold 
closing and when plastics are first injected into the mold cavity. An accelerometer can detect 
the vibration signals during the mold closing, opening, and injection, thus detecting any 
abnormal signal that is connected to any defect. An accelerometer sensor is used in this 
research, and it provides such advantages as fixed voltage sensitivity, low impedance output, 
high resolution, easy installation, and low cost. 
Based on previous discussion regarding different sensors in monitoring the injection 
molding process, the purpose of this study is to develop an in-process mixed material caused 
flash monitoring (IPMFM) system that implements an accelerometer in the injection molding 
process control when using recycled plastics. The system employs an accelerometer to 
collect vibration signals during mold closing and the injection process and to detect abnormal 
signals when flash occurs. 
2. Structure of the IPMFM system 
The structure of the IPMFM system is shown in Figure 2. This figure includes three 
major parts. The first is the signal collection system for real-time data, which is implemented 
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by an accelerometer sensor. The accelerometer sensor can be used to measure the real-time 
vibration and record the dynamic characters of the injection molding process. The second is 
the machine process system. Some parameters that most affect the flash of final injection 
molded products, such as injection speed, melting temperature of injection material, injection 
pressure, and clamping pressure, are transmitted to the machine process before or during 
machining. In this research, fixed machine parameters are defined. The third is the decision­
making system of the IPMFM, the system that will receive, convert, transform, and calculate 
the values of the vibration signal from the accelerometer during the injection molding 
process. When the input, which could be any signal from machine parameters or from an 
accelerometer, comes into the IPMFM system, the system will accurately predict whether or 
not flash will occur and show corresponding warning signals to the machine operator while 
the machine is in process. The monitoring is made by searching for a significant difference 
between flash and non-flash products. The real-time predicted threshold value of the flash 
will then be determined by the IPMFM system as the output. 
3. Experimental setup 
To fully understand the IPMFM system, it is necessary to design and build an 
experimental setup to evaluate its performance. The experimental setup consists of both the 
hardware and software setups. 
3.1 Hardware setup 
The hardware system is shown in Figure 3. It shows a schematic diagram of the 















Figure 2. Structure of the IPMFM system 
microprocessor control (BOY Machines Inc.); a personal computer; a 3-axis PCS 
accelerometer sensor with model No. 356B08, serial No. 6980 (PCS Piezotronics, 1994); a 
DBK11A Screw Terminal Expansion Card; and a DaqBook 100 data acquisition system 
(IOtech, 2000). The PCB accelerometer sensor was installed on the top of the center of 
stationary mold and connected to the PC. The measured signals were connected to a battery-
powered unit to be amplified and filtered. The X-axis orientation is in the extension of the 
mold surface; the Y-axis orientation is in the vertical; and the Z-axis orientation is along the 
moving direction of the movable mold. The location of the accelerometer sensor at the 
injection molding machine is illustrated in Figure 4. 
The materials used in this research were Polystyrene (PS) 147F KG21 and low-
density polyethylene (LDPE) 2072, which were purchased from Prime Alliance. PS was 
considered the main recycled material in this research, while LDPE was considered mixed 
material. The product made in this study was injection molded tensile bar that measured 4.95 
inches x 0.5 inch (Figure 5). 
3.2 Software setup 
The software used to collect vibration data from the accelerometer sensor is DaqView 
11.8 form IOtech, Inc (Ohio, USA). DaqView is a 32-bit, Windows-based data acquisition 
program that can be used to operate DaqBooklOO series devices, DaqBoard series boards, 
and other models' products from IOtech. The data file is transferred to and compatible with 
Microsoft Excel. 
In this system, while the mold was closed and the plastic material in the reciprocating 
screw was injected into the mold by high pressure, X-, Y-, and Z- directional vibration 
signals were measured by the PCB accelerometer. These signals were transduced, amplified, 
collected and then converted into digital data by DaqBook 100 in the personal computer. 
Since the Z-direction was the mold closing and hitting direction, it was our main research and 
analysis concern. An example of the vibration signals of the accelerometer sensor is shown in 
Figure 6. The first peak signal is generated when mold closes; the second peak signal shows 
the beginning of plastic injection filling stage. 
4. Experimental design 
After the experimental setup was completed, the IPMFM system was ready for 
















Movable Mold Stationary mold 
Figure 4. The X, Y, Z-orientation of the PCB accelerometer sensor 
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Figure 6. An example of Z-axis vibration signal of a good product 
processing parameters were fixed at optimum values; only the material feeding situation was 
changed. Since product defects rarely happen during the injection molding process if all 
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settings are optimal, the feeding of mixed materials will produce flash. Two kinds of 
materials, Pure PS and PS with 10% LDPE, were fed into the BOY 22M injection molding 
machine. 
Normally, it takes approximately 30 minutes for the injection molding machine to 
reach the setup processing parameters and start to work. First, under the pure PS feeding 
material condition, 20 injection-molded bars were produced consecutively. Observations 
about the occurrence of the flash were made. Vibration data of each product were collected 
and recorded. Then, under the mixed PS with 10% LDPE feeding condition and the same 
machine processing parameters, 20 injection-molded bars were produced, observations about 
the occurrence of flash were obtained, and vibration data of each product was recorded. The 
injection molding process consists of three stages: filling of the mold, holding, and cooling to 
solidify the products. The whole cycle time for PS injection molding is approximately 45 
seconds, but flash normally occurs during the filling stage, which is a very short period of the 
injection process. For PS in this research, the injection time was 1.7 seconds. Therefore, data 
collection was set for 6 seconds, which was enough time to record activity from mold close 
until a short time after the filling stage. The scanning frequency for collecting the vibration 
data was 500 Hz. Therefore, 3000 data sets, including X-, Y-, and Z-axis accelerations, were 
recorded for every single injection molding product. The Z-directional vibration data were 
the major concern since the Z-direction represented the moving direction of the mold and the 
injection direction of the material. 
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5. Experimental results and data analysis 
All twenty injection-molded tensile bars with pure PS as feeding material had no 
exterior flash defects under optimum processing parameter settings. Under the same 
processing conditions, all twenty injection-molded tensile bars with PS and 10% LDPE as 
feeding materials produced a great deal of flash. The differences between the products in 
each situation indicated that there might be some distinctions in the Z-axis vibration signals 
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Figure 8. Z-axis vibration signal of mixed PS & 10% LDPE with flash 
Vibration signals between the non-flash specimen situation and the flash specimen 
situation are shown in Figures 7 and 8, respectively. Two main signal peaks could be 
identified in both figures. The first major peak occurred when the movable mold moved and 
touched the stationary mold. In less than 1 second, the material in the barrel of the injection 
molding machine was injected into the cavity of the mold under high pressure; the start of the 
injection resulted in the second big vibration and generated the second peak. Since the 
injection time for PS is 1.7 seconds and the data scanning frequency was 500 Hz, vibration 
signals were still seen after 850 points in both figures. 
When flash occurs in the injection process, stronger vibration signals will be detected 
during the last period of the filling stage. Figure 8 showed stronger vibration signals than 
those shown in Figure 7 during the last stage of the injection filling phase. An approach for 
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data treatment was then presented here to compare the signals in the last period of the 
injection filling stage. 
Step 1: Starting from the point when the mold opens, collect 3000 Z-axis vibration data. This 
data collection covered the vibration signal from the moment the mold opened until 
the end of injection filling stage (see example in Figures 7 and 8). 
Step 2: Find the second peak of the Z-axis vibration signal, which represents the 
beginning of the injection filling stage. 
Step 3: Starting from the second peak point, collect 850 Z-axis vibration points. 
(  Z i . ,  i  =1,2,...850, j  = 1,2...2 0, where i  denotes the data point and j  denotes the 
product number used in this research.) 
Step 4: Find the maximum absolute peak value Z j m i x  within the last 200 data points. 
^ j max Max^Zy | = Max^Z65]j |,|z652j. |,...|Z850y|| (1) 
Step 5: Calculate the average absolute peak value of the 200 points. 
850 
I K i  
Z
'
= 2 W  (2) 
Step 6: Calculate the ratio of the maximum peak value over the average peak value. This is 
called max-avg. ratio y and the formula is shown as: 
Z. 
Yj = — , j is number of experiment (3) 
Z j  
Step 7: Save the max-avg. ratio as y}m the memory. 
Step 8: Compare the max-avg. ratio difference between flash and non-flash products. 






able 1. Analysis of variance 
Source DF Sum of Squares Mean Square F Ratio Prob > F 
flash 1 78.11458 78.1146 73.9550 <0001 
Error 38 40.13731 1.0562 
C. Total 39 118.25188 
The F-ratio is 73.955 with a small P-value of 0.0001 in this statistical comparison, 
which means there is a significant difference between the two means of the products with 
flash and of those without flash. 
In order to compare the change of the ratios between the flash and non-flash 
situations, two run charts were drawn in Figure 10 by using the max-avg. ratio Y (equation 4) 
as a changing variable. The figure shows that the max-avg. ratio of non-flash was more stable 
than that of the flash group. Additionally, a majority of the max-avg. ratios for the flash 
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Figure 9. Oneway analysis of ratio by flash 
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chart and to calculate the SPC upper control limit from the data of the non-flash products 
group. Therefore, the upper control limit can be applied as IPMFM flash monitoring 
threshold value when mixed materials are used. 
-•—non-flash 
-m—flash 
7 9 11 13 15 17 19 21 
Product number 
Figure 10. Max-avg. ratio comparisons of non-flash and flash 
The ratio comparisons of pure PS and mixed PS and LDPE injection molding are 
listed in Table 3. Under pure PS injection molding, no flash was found for the final product, 
while under mixed PS and PE injection molding, flash occurred in each product. From Table 
3, it was clear that the ratio of products without flash was much lower than that of products 
with flash. 
In Figure 10, a few max-avg. ratio values of non-flash groups were very close to 
those of the flash groups, which limited monitoring in the injection molding process. In order 
to make more precise monitoring of the occurrence of flash, a model was set up. It was used 
to calculate the average of two consecutive max-avg. ratio data using the formula 
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y. Y . j 
y j = (shown in Table 2) and then compare the treated data in Figure 11. From 
this figure, it is obvious that the flash and non-flash situations can be separated. The highest 
value in the non-flash situation was 4.71; the lowest value in the flash situation was 5.87. If a 
control chart were to be drawn for the non-flash situation, the upper limit would be 5.69, 
which was the separating point between flash and non-flash. To test the efficiency of the 
model, the prediction threshold value of the flash was the same as the upper control limit 
value from the non-flash products and then used in the experiment. The experimental results 
shown in Table 2 shows that all the average ratio values of the flash situations were higher 
than the prediction threshold value of 5.69. This meant that the IPMFM could predict flash 
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Figure 11. Average max-avg. ratio comparison for non-flash and flash 
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Table 2. Max-avg. ratio comparison for pure PS and mixed PS with 10%LDPE injection 
Experiment data for pure PS Experiment data for mixed PS with 10% LDPE 
Run 
number r j  y j  Flash 
Run 
Number y j  y j  Flash 
1 2.996 N/A no 1 5.790 N/A yes 
2 2.919 2.958 no 2 5.954 5.872 yes 
3 3.313 3.116 no 3 8.519 7.237 yes 
4 3.525 3.419 no 4 4.832 6.675 yes 
5 3.894 3.709 no 5 8.751 6.791 yes 
6 5.567 4.730 no 6 6.687 7.719 yes 
7 2.860 4.214 no 7 6.067 6.377 yes 
8 3.764 3.312 no 8 7.059 6.563 yes 
9 5.067 4.416 no 9 5.735 6.397 yes 
10 3.882 4.475 no 10 10.06 7.902 yes 
11 3.681 3.782 no 11 6.478 8.274 yes 
12 4.991 4.336 no 12 7.454 6.966 yes 
13 3.605 4.298 no 13 6.504 6.979 yes 
14 4.080 3.842 no 14 6.674 6.589 yes 
15 3.756 3.918 no 15 6.789 6.731 yes 
16 3.050 3.403 no 16 6.118 6.454 yes 
17 4.678 3.864 no 17 5.873 5.996 yes 
18 4.067 4.372 no 18 6.255 6.064 yes 
19 4.399 4.233 no 19 5.867 6.061 yes 
20 5.026 4.712 no 20 7.543 6.705 yes 
6. Development of the IPMFM system 
Since the average of the two consecutive max-avg. ratios clearly showed the 
significant difference between the pure PS and mixed material feeding situations, it was 
considered as an input variable monitoring the injection molding process. The subgroup 
statistic was calculated with size n=2. The formula can be defined as follows: 
Subgroup average : y y. = ^' 1  ^ J + l  , j =  1,2... 19 (4) 
Subgroup range: Rj = |yJ+l -y^, 7 =1,2... 19 (5) 
The upper and lower control limit can be calculated as: 
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(/CI, + (6) 
(7) 
Where y is the average of yj , j = 1,2. ..19; 
R  is the average of R j y j  = 1,2...19; 
A2 = 1.88 is the control chart coefficient if subgroup size is 2. 
The decision making mechanism was developed to complete the IPMFM system 
during the injection molding process. The input of the IPMFM system is the average ratio of 
the maximum signal peak to the average of the absolute value of the 200 points from the last 
filling stage of the injection cycle; the output of the system was the threshold that was 
identified as the upper control limit obtained from the data of the pure PS injection without 
flash. The rule of the decision making mechanism is: 
If Yj = ^J+1 > UCLr, then the IPMFM system would signal that flash had 
possibly occurred. Otherwise, the system would not alarm, and y. and yj+x would be 
replaced by new ratio values of injection-molded products. UCLy is also called prediction 











Figure 12. IPMFM decision-making mechanism 
7. Testing results 
Using the same model, twenty specimens of pure PS and mixed material were tested 
to investigate the reliability of the IPMFM system. The results of each specimen test are 
listed in Table 3 and Figure 13. The results showed that all the products with pure PS had no 
flash, and all the products with mixed PS and 10% LDPE had flash, which was in accordance 
with the experimental results. However, one non-flash sample datum was higher than the 
prediction value 5.69, and one value of flash was lower than 5.69. This means that the 
IPMFM can predict flash with about 94.7% accuracy under mixed material situations. 
Therefore, the IPMFM system could be appropriately used for an in-process system for 
injection molding operations with approximately 94.7% accuracy. 
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Table 3. The testing results of the IPMFM system 
Testing data for pure PS Testing d ata for mixed PS with 0% LDPE 
Test 











1 N/A 1 N/A 
2 3.961 no yes 2 6.855 yes yes 
3 3.708 no yes 3 6.562 yes yes 
4 4.452 no yes 4 7.347 yes yes 
5 4.763 no yes 5 7.679 yes yes 
6 4.528 no yes 6 7.644 yes yes 
7 5.068 no yes 7 7.511 yes yes 
8 5.035 no yes 8 6.553 yes yes 
9 5.485 no yes 9 8.091 yes yes 
10 6.075 yes no 10 8.219 yes yes 
11 5.662 no yes 11 7.367 yes yes 
12 5.153 no yes 12 8.792 yes yes 
13 4.956 no yes 13 8.899 yes yes 
14 4.257 no yes 14 8.743 yes yes 
15 4.247 no yes 15 7.848 yes yes 
16 4.839 no yes 16 5.564 no no 
17 4.757 no yes 17 6.328 yes yes 
18 4.686 no yes 18 6.824 yes yes 
19 4.657 no yes 19 6.383 yes yes 
20 4.354 no yes 20 6.909 yes yes 
Figure 13. Test average max-avg. ratio comparisons for flash and non-flash 
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8. Conclusions 
A new approach for in-process, mixed-material caused flash monitoring (IPMFM) 
system in injection molding process was developed and examined. The system was shown to 
be able to monitor flash with 94.7% accuracy. The main conclusions drawn from this 
research are summarized as follows: 
1. The flash of injection-molded parts can be effectively monitored by using the PCB 
accelerometer sensor during the mold closing and material injection vibration of the 
injection molding process in the IPMFM system. 
2. The average ratio of two consecutive values of the maximum magnitude to the 
average of the 200 points of the Z-axis vibration in the last 0.4 seconds of injection 
filling stage shows that this method is an effective way of monitoring flash in the 
injection molding process. 
3. The IPMFM system has monitored flash with an accuracy rate of 94.7% when there 
was approximately 10% LDPE mixed with PS. 
4. The IPMFM system can monitor flash after two consecutive products are made 
during the injection molding process. Therefore, the system is suitable for an in-
process approach in injection molding operations. 
During the experiment and test, processing parameters were assumed to be fixed. 
Further research should focus on changing processing parameters and degrees of mixtures of 
foreign materials, and then calculating different prediction values for flash using multiple 
regression models. Therefore, different flash prediction values would be applied to compare 
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Development of Artificial Neural Networks-Based In-Process Mixed Material-Caused 
Flash Monitoring (ANN-IPMFM) System in the Injection Molding Process 
(A paper submitted to Polymer Engineering and Science) 
Jie Zhu and Joseph C. Chen 
Iowa State University 
Abstract 
This paper describes the development of an Artificial Neural Networks-Based In-
Process Mixed Material Caused Flash Monitoring System (ANN-IPMFM) in the Injection 
Molding Process. This proposed system integrates two sub-systems. One is the vibration 
monitoring sub-system that utilizes an accelerometer sensor to collect and process vibration 
signals during the injection molding process. The other, a threshold prediction sub-system, 
predicts a control threshold based on the process parameter settings, thus allowing the system 
to adapt to changes in these parameter settings. The integrated system compares the 
monitored vibration signals with the control threshold to predict whether or not flash will 
occur. The performance of the ANN-IPMFM system was determined by using varying ratios 
of polystyrene (PS) and low density polyethylene (LDPE) into the injection molding process, 
and comparing the number of occurrences of flash with the number of occurrences predicted 
by the system. With a total number of one hundred and eighty tests, the test results 
demonstrated the ANN-IPMFM system could predict flash with 92.7% accuracy. 
Keywords: injection molding; flash; artificial neural network; accelerometer sensor 
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1. Introduction 
The plastic injection molding process is the most commonly used manufacturing 
process in the plastic industry due to its capability for mass production and relatively low 
cost. The injection molding process is conceptually simple. In the process, plastic is melted 
and then forced into the cavity of a closed mold under high pressure. After sufficient time, it 
solidifies into the desired shape by cooling, the mold opens, and the part is removed. Then 
next injection cycle begins [1], 
There has been a tremendous increase in the demand for injection molded products in 
recent years. More and more plastics have been consumed and discarded, which has resulted 
in a shortage of petroleum, as well as waste disposal and pollution problems [2, 3]. 
Therefore, recycled plastics from defective parts, trimmings, and other manufacturing scraps 
have been widely used in the injection molding process over the past several years, ranging 
in use from very small-scale reprocessing in small companies to huge programs that generate 
thousands of tons of reprocessed materials [4], However, recycling plastics can often result in 
mixed material that can vary significantly from batch to batch, especially in contaminant 
levels or degree of mixtures with other plastics. When mixed material is fed into injection 
molding system, product defect will occur because each of the mixed materials has a 
different melting temperature and may flow into the mold at a different speed [5]. Flash, as 
showed in Figure 1, is one of the most common defects that occurs under such conditions 
since the one of the mixed plastic materials may flow faster and stretch over the edge of the 
mold cavity. 
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Figure 1. Injection-molded specimen without and with flash 
Using mixed materials can produce flash on both the injection mold and molded 
parts, thus causing damage to a closing mold if the plastic flakes off or sticks to the mold 
surface, and also causing more manual work to trim the parts. Therefore, if a mold or a part is 
flashing, it should be detected and corrected immediately [6]. In the plastic injection molding 
industry, 100% flash inspection is costly since this process is still plagued by complex 
process dynamics, material properties, and high cost issues. As a result, flash inspection is 
usually done by means of manual work or off-line inspection by routinely collecting and 
inspecting the every product. 
The development of an in-process flash prediction system that can predict flash in 
real-time and on-line with an inspection rate of nearly 100% could prevent flash from 
occurring between the routine inspection times in the injection molding process. A great deal 
of research has been conducted on in-process defect prediction systems in the injection 
molding process in recent years. For example, a few systems have been developed to monitor 
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part weight or dimension [7-9]. In these systems, when the part weight or dimensions are out 
of the tolerance, the system will notify the operator that a defect has occurred and the 
problem can be inspected immediately. Lee and Young [10] developed an on-line part 
shrinkage monitoring system to predict the shrinkage range of crystalline polymers and 
therefore identify defective parts. Other systems have been developed [11-13] to allow 
effective setting and resetting of processing parameters based on the various part defects, 
such as flash, short shot, weld line, and cracking. These systems were shown to work 
successfully in processing parameters optimization and defects minimization. Once these 
parameter settings are at their optimum values, flash or other defects rarely happen if pure 
material is used. However, when recycled mixed materials are used in injection molding, 
flash often occurs even at the optimum processing parameters settings. This research 
addresses this issue by focusing on the development of an in-process, mixed-materials-
caused flash monitoring system (IPMFM) operating within a certain range of processing 
parameters in the injection molding process. This system consists of two major components: 
a sensor technique and a decision-making mechanism. The sensor can be used to capture key 
characteristics of the injection molding process, while the decision-making mechanisms can 
be applied to analyze the sensor signal and perform monitoring functions. 
Several sensor techniques have been used for in-process defect prediction in the 
injection molding process. Traditional sensors such as thermocouples and pressure sensors, 
for example, have been employed in monitoring and controlling this process [14]. These 
sensors have several limitations, however, such as slow response, instability, and non-
repeatability [15]. Therefore, more advanced measurement sensors are continually being 
sought for process monitoring and control. One such application is the use of an 
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accelerometer sensor to monitor cutting vibrations in an on-line surface roughness prediction 
system in milling operations [16]. This accelerometer sensor can detect vibration signals 
caused by a change in cutting parameters. Using these signals, this system can predict the 
surface roughness of a milled surface in real-time with reasonable prediction accuracy. This 
research therefore explores a similar application of an accelerometer sensor - to capture the 
processing vibration signals during the injection molding process as part of the development 
of the IPMFM system. 
To develop a real-time decision-making mechanism, an intelligent approach is 
required. One such approach, artificial neural networks (ANN), offers the ability to model 
arbitrary input data by means of adjusting the internal network connections. For a given 
input, the difference between the network output and the desired response, or the error, is 
minimized. This is the process of 'training' the network by means of supervised learning in 
which the network error is reduced using a training set of matching input-output vectors [17]. 
Artificial neural networks have remarkable advantages because of their capability to 
generalize by inductive learning from examples. Based on the connectionist model of the 
human brain, neural networks exhibit a number of desirable properties that are comparable to 
conventional computation systems, including the ability to accept parallel computation, 
robustness in the presence of noise, the ability to adapt to any non-linear function, the ability 
to generalize, and graceful degradation in performance [13]. 
Artificial neural networks have been widely used in plastic engineering to monitor 
part quality [7, 18] and shrinkage [10], as well as for controlling the processing parameters 
[11, 12, 19]. For example, Choi, Lee, Chang, and Kim [11] used artificial neural networks to 
optimize processing parameters and predict injection molding part defects. 
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In summary, this research serves to develop an ANN-based in-process mixed 
material-caused flash monitoring (ANN-IPMFM) system in the injection molding process. 
The system has two capabilities: 1. to monitor the flash while the machine is operating (in-
process); 2. to identify flash occurrences from the use of mixed materials immediately and 
adapt to the changes in processing parameters. 
2. Structure of the ANN-IPMFM system 
The structure of the ANN-IPMFM system (Figure 2) integrates two sub-systems: 
1. A vibration monitoring sub-system that monitors flash caused by mixed materials 
with fixed processing parameter settings while the injection molding operation is 
taking place. The accelerometer sensor is employed in the proposed system to 
monitor the difference in the vibration signals between injection-molded 
specimens with flash and without flash during the last period of the injection 
filling stage. Using statistical analysis, a process characteristic indicator, y, will 
be calculated as the subsystem parameter for determining whether flash will 
occur. 
2. A threshold prediction sub-system that predicts the control threshold based upon 
the current processing parameter settings. These settings may differ from the ones 
set by the monitoring sub-system, and this system therefore adapts to any 
necessary changes in processing parameter settings. The inputs of this sub-system 
are significant processing parameters, such as injection speed, holding pressure, 
melt temperature, etc. The ANN training process is based on different parameter 
settings in the optimum setting range, for which flash control threshold values are 
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established through an approach suggested by a statistical process control (SPC) 
mechanism. These cutoff values are generated from the data for the non-flash 
groups. For the testing process, the output of the sub-system is the proposed flash 
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Figure 2. The structure of the ANN-IPMFM system 
{S denotes injection speed, T denotes melting temperature, P denotes holding pressure.) 
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3. Experimental setup 
The experimental setup for this research is represented by schematic diagram of the 
IPMFM system shown in Figure 3. This setup consists of a BOY 22M injection molding 
machine with a Procan MD microprocessor control (BOY Machines Inc.); a personal 
computer; a 3-axis PCB accelerometer sensor [model No. 356B08, serial No. 6980 (PCS 
Piezotronics, 1994)]; a DBK11A screw terminal expansion card; and a DaqBook 100 data 
acquisition system (IOtech, 2000). The accelerometer sensor was installed on the top of the 
center of the stationary mold and connected to the PC via the data acquisition system. The 
measured signals were connected to a battery-powered unit to be amplified and filtered. The 
X-axis orientation of the accelerometer is vertical; the Y-axis orientation is horizontal; and 
the Z-axis orientation is horizontal, parallel to the movement of the movable mold. The 
location of the accelerometer sensor at the injection molding machine is illustrated in Figure 
3. 
The software used to collect vibration data from the accelerometer sensor is Daq View 
11.8 from IOtech, Inc (Ohio, USA). DaqView is a 32-bit, Windows-based data acquisition 
program that can be used to operate DaqBooklOO series devices, DaqBoard series boards, 
and products for other models from IOtech. 
The processing vibration signals captured by the accelerometer were transmitted, 
amplified, collected and then converted into digital data by the data acquisition system in the 
PC. An example of the vibration signals for an injection molding cycle is shown in Figure 4. 
The first main peak signal is generated when the mold closes; the second main peak signal 
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Figure 4. An example of an injection molding processing vibration signal for a good 
4. Development of the vibration monitoring sub-system 
The vibration monitoring sub-system was developed next, utilizing this experimental 
setup. To develop this sub-system, an experimental design was devised to collect and analyze 
data, generate the process characteristic indicator for flash determination, and build the 
decision-making mechanism. 
4.1 Experimental design 
The goal of this experimental design was to capture the difference in the vibration 
signals between the specimens with and without flash due to mixed materials. The materials 
used in this research were Polystyrene (PS) 147F KG21 and low-density polyethylene 
specimen 
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(LDPE) 2072, which were purchased from Prime Alliance. PS was considered the main 
(pure) recycled material in this research, while LDPE was considered the material possibly 
mixed with the recycled PS during the injection molding process. The specimen made 
during the process in this study was an injection-molded tensile bar that measured 4.95 
inches x 0.5 inch (see Figure 1). 
The first (pure material) treatment was done by feeding pure PS into the machine, 
which was set up normally according to the operational manual. The second (mixed material) 
treatment was done by feeding artificially mixed PS and LDPE (90% PS + 10% LDPE). All 
of the processing parameters were the same for the two treatments except for the different 
material feeding. Since the machine rarely generates flash when operating within the 
optimum parameter setting ranges, no flash was expected under the pure PS treatment. 
However, flash was highly possible in the second treatment. 
4.2 Data collection 
After the injection molding machine stabilized and the processing parameters 
reached the setup values, fifteen injection-molded specimens were produced consecutively 
and the vibration signals were captured by the accelerometer sensor in real-time. 
Observations about the occurrence of flash, as well as the vibration data of each specimen, 
were collected and recorded. 
The injection filling time was set at 1.7 seconds when using PS as the feeding 
material. The data collection was set for 6 seconds, which was enough time to record activity 
from mold open to close, as well as a short time after the filling stage. The scanning 
frequency for collecting the vibration data in the data acquisition system was 500 Hz. 
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Therefore, 3000 data sets, including X-, Y-, and Z-axis accelerations, were recorded for 
every single injection molded specimen. The Z-axis vibration data were used for analysis 
since the Z-axis was the direction in which the movable mold closed and struck the stationary 
mold. Once the experimental design and data collection procedures were complete, this data 
could be analyzed and processed in order to identify the monitoring sub-system input. 
4.3 Vibration data treatment approach 
When flash occurs in the injection process, stronger vibration signals were detected 
during the last period of the filling stage (0.4 seconds). When comparing a signal for a 
specimen without flash (Figure 4) and a signal for a specimen with flash (Figure 5), one can 
see that the specimen with flash (Figure 5) exhibits stronger vibration signals than those 
without flash (Figure 4) during the last stage of the injection filling phase. An approach for 
data treatment was then developed to compare the signals in the last period of the injection 
filling stage. 
The procedures to calculate the vibration signal, which is the processing characteristic 
indicator (y), are listed as the following eight steps: 
Step 1 : Starting from the point when the mold opens, collect 3000 Z-axis vibration data 
points. This data collection covers vibration signals from the moment the mold 
opens until the end of the injection filling stage (see examples in Figures 4 and 
5). 
Step 2: Locate the second peak of the Z-axis vibration signal, which represents the 
beginning of the injection filling stage. 
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Step 3: Starting from the second peak point, collect 850 Z-axis data points. 
(Z/y,z = 1,2,...850, j = 1,2...15, where / denotes the data point and j denotes the 
specimen number used in this research.) 
Step 4: Find the maximum absolute peak value Zimax within the last 200 data points: 
^  j max -Mtix|Zy. | = Afox|z651y |,|z652y|,...|z850y|| (1) 
Step 5: Calculate the average absolute peak value of the 200 points: 
850 
i k ,  
z 1^1 (2) 
7 200 
Step 6: Calculate the ratio of the maximum peak value over the average peak value. 
This is called max-avg. ratio yj, which has the following formula: 
Z'nux Yj = —x , where j is number of experiments (3) 
Z j  
Step 7: Save the max-avg. ratio as /j in the memory. 
Step 8: Calculate the average of two consecutive max-avg. ratio data to generate the 
sub-group statistic y; from y. (sub-group size = 2): 
— Y j =  ,  w h e r e  7  = 1 , 2 . . . 1 5  ( 4 )  
y j would then be considered as an processing characteristic indicator for monitoring 

















Figure 5. Z-axis vibration signal sample with flash 
5. Development of the threshold prediction sub-system 
The procedures used to develop the ANN-IPMFM threshold prediction sub-system 
are discussed in this section. Figure 6 shows the architecture of this sub-system, including its 
inputs, layers, and output. To develop this sub-system, the theorem of backpropagation (BP) 
of ANN was applied to build the decision-making mechanism, which can analyze the input 
data and then generate a flash control threshold value. In accordance with the prescribed 
PCN training procedures (20), the following steps were used to construct this sub-system: 
Step 1. Construct an experimental design to collect data for ANN training 
In order to achieve an accurate flash monitoring system, it was necessary to provide 
sufficient data for the artificial neural networks to train the ANN-IPMFM threshold 
prediction sub-system. Therefore, a factorial experimental design was conducted to collect 
more data for the training scheme. From the statistical analysis, processing parameters such 
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Input Layer Hidden Layer Output Layer 
Figure 6. Architecture of the ANN-IPMFM threshold prediction sub-system 
as injection speed ( S ) ,  melt temperature (7), and holding pressure ( P )  have a significant 
influence on the occurrence of flash. When these parameters are set within a certain optimum 
range, flash will not occur under pure material feeding conditions. When mixed (recycled) 
material comes into the machine, flash will occur due to mixed materials. To deal with 
variations in parameter settings within the optimum ranges, the ANN-IPMFM threshold 
prediction sub-system was conducted to predict the flash control threshold values. 
Table 1 shows the processing parameters at different treatment combinations: This 
includes injection speed at three levels (85%, 90%, and 95% of the machine injection speed 
capacity), melt temperature of PS at two levels (430 and 450° F), and holding pressure at two 
levels (900 and 1100 psi). Based on selection of these three factors and their levels, there are 
twelve experimental runs designed for the training scheme. Under pure PS feeding 
conditions, fifteen specimens were molded for each run after the process was completely 
stabilized. For each run, a flash control threshold was established based on the average-
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maximum ratio y discussed in the previous section, by using a statistical process control 
(SPC) mechanism. The flash control threshold was used for the ANN training procedure and 
was established as follows: 
The flash control threshold, also called the subgroup statistic, was calculated with size 
n=2. The formula can be defined as follows: 
Subgroup average: y  j  =  ^  ^ J + l  ,  j  = 1,2...15 (4) 
Subgroup range: R j  = | y j + x - y ^ ,  y'=l,2...15 (5) 
The upper and lower control limit can be calculated as: 
C/Œ, + (6) 
ZŒy (7) 
where y is the average of y j , j = 1,2... 15; 
R is the average of Rj, j - 1,2... 14; 
A2 = 1.88 is the control chart coefficient if subgroup size is 2. 
The upper control limit, UCLy, also called flash control threshold (6), was used in the 
ANN training procedure. With all these training data shown in Table 1, the ANN-IPMFM 
threshold prediction sub-system was ready to launch its training scheme. 
Step 2. Determine the input and output variables in the ANN model 
The input and output variables, as shown in Figure 6, were next determined to 
construct the threshold prediction sub-system. There were three input factors in this sub­
system, which were injection speed (S), melt temperature (7), and holding pressure (P). The 
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Table 1. Training data of the ANN-IPMFM sub-system 
Flash 
Injection Melt Hold Control 
Run Speed Temperature Pressure Threshold 
Number (%) (°F) (psi) ( d )  
1 95 450 1100 5.69 
2 95 450 900 5.81 
3 95 430 1100 5.57 
4 95 430 900 5.63 
5 90 450 1100 5.60 
6 90 450 900 5.75 
7 90 430 1100 5.32 
8 90 430 900 5.48 
9 85 450 1100 5.50 
10 85 450 900 5.56 
11 85 430 1100 5.24 
12 85 430 900 5.28 
output factor was the flash control threshold (6). To create the sub-system, twelve pieces of 
data were applied. Each data set can be expressed as: 
; '  =  l t o l2 .  (8 )  
Step 3. Scale and prepare the data set before ANN training 
To avoid excessive training errors created by larger values of some input or output 
data set, a method called data scaling is needed to pre-process the data to obtain good 
training and monitoring results. This method involves converting all input and output factors 
to a corresponding number between 0 and 1. The simple mapping method was applied for 
the ANN training and can be expressed as: 
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where X is the scaled value, Xnm and Xmin are the maximum and minimum values of the 
factor respectively, and X represents the original data of the factor. 
For example, from the training data shown in Table 1, if the maximum value of the 
injection speed is 95 and the minimum value is 85, then the scaled injection speed can be 
expressed as: 
S (l0) 
After pre-processing of the data scaling, the data set can be expressed as: 
[ s ] ,p ; ,  /= i  to  12 .  ( i i )  
Step 4. Implement PCN-based training procedure to determine the optimal ANN model 
This step of the PCN training procedures was employed to execute the ANN-BP 
training to obtain the weight of the bias of each neuron. In the training process, it was 
difficult to determine the ratio of training and testing data, the number of hidden layers and 
hidden neurons in the hidden layers, and the learning rate and momentum factors. Therefore, 
the "trial-and-error" method was applied to adjust these training parameters until the smallest 
root mean square (RMS) error was achieved. 
The RMS error of the training scheme with seven hidden neurons in hidden layer 1 
and seven hidden neurons in hidden layer 2 was less than those with different neurons and 
hidden layers. Thus, the configuration containing two hidden layers with seven hidden 
neurons in each layer was selected as the final ANN-IPMFM threshold prediction sub-system 
model. Based on this, a 3-7-7-1 ANN-IPMFM threshold prediction sub-system was 
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developed, which contained three input factors, seven hidden neurons in hidden layer 1, 
seven hidden layers in hidden layer 2, and one output factor. 
6. ANN-IPMFM decision-making mechanism 
After the vibration monitoring sub-system and the threshold prediction sub-system 
were developed, the ANN-IPMFM system was completed by integrating the two sub-systems 
to monitor flash in a real-time fashion. In order for this system to function, the machine 
processing parameters, (the inputs of the threshold prediction sub-system), were first set up 
within the optimum setting ranges. The output of the threshold prediction system, (the 
control threshold value <9,. ), was generated as a cutoff value for determining whether flash or 
not occurs based on the setup parameters. 
The machine was then started in order to activate the system, during which the 
vibration monitoring sub-system began to collect and process the vibration signal. After the 
second specimen was molded and released, the average of two consecutive max-avg. ratios 
Yj (as defined in section 4) was generated and ready to compare with the flash control 
threshold value, 6S. The comparison rule between y and di is specified as follows: 
1. If Yj = ^3 ^7+1 > 0,, then the system would signal that flash had likely occurred 
and give the corresponding warning signal. 
2. If not, the system would not alarm, and y . and y j+l would be replaced by new ratio 
values based on data from injection-molded products just out of the production line. 
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7. Evaluation the ANN-IPMFM system 
After the ANN-BP training process was completed by feeding the training data many 
times to obtain a satisfactorily low RMS error in order to choose the 3-7-7-1 ANN model, the 
threshold prediction sub-system was integrated with the vibration monitoring sub-system to 
allow for the evaluation of the complete ANN-IPMFM system. As shown in Table 2, the 
parameters for the 12 testing runs are set up with random combinations. In each test, 15 
specimens were tested in-process. The system decision-making mechanism was applied to 
determine whether or not flash would occur. 
Test numbers 1 through 6 were completed using pure PS feeding conditions; each test 
had 15 samples and therefore a total of 90 testing sample have been evaluated. For example, 
in test number 1, the injection speed (89%), the melt temperature (445° F), and the holding 
pressure (1020 psi), were employed as input of the ANN-IPMFM threshold prediction sub­
system, the material condition was pure PS, and the output (predicted flash control threshold) 
was calculated based on the threshold prediction sub-system as 6t = 5.73. The flash 
occurrence was then determined by comparing 7. with 0t. As indicated in Table 2, under a 
pure PS condition, no flash was found among all 90 products. Six specimens were found to 
have higher y • than 0i, which indicated that flash had been predicted, but it did not occur. 
Test numbers 7 through 12 were conducted using mixed PS with 10% LDPE. In each 
test, 15 specimens were tested in-process. Under this condition, all 90 products were 
identified as having flash. Seven products had lower 7. than the flash threshold value 9, 
which indicates no predicted flash. 
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There were a total of 180 testing samples using these two material conditions. The 
accuracy of the ANN-IPMFM system was calculated using the total number of errors made 
by the system divided by the total number of testing samples. As indicated by the results of 
this calculation, the ANN-IPMFM system can efficiently predict flash with 92.7% accuracy. 






















1 94 445 1020 5.73 1 14 0 15 
2 94 445 920 5.55 2 13 0 15 
3 94 435 1020 5.75 0 15 0 15 
4 94 435 920 5.65 1 14 0 15 
5 89 445 1020 5.61 0 15 0 15 
6 89 445 920 5.72 2 13 0 15 
7 94 445 1020 5.38 13 2 15 0 
8 94 445 920 5.57 14 1 15 0 
9 89 445 1020 5.58 14 1 15 0 
10 89 445 920 5.60 15 0 15 0 
11 84 435 1020 5.39 13 2 15 0 
12 84 435 920 5.45 14 1 15 0 
Total number of test runs = 180 ANN-IPMF VI system accuracy = 92.7% 
8. Conclusions 
A new approach for a neural networks-based in-process, mixed material-caused flash 
monitoring (ANN-IPMFM) system in the injection molding process was developed and 
evaluated in this study. The completed system was shown to be able to effectively monitor 
flash during the injection molding operation. The main conclusions drawn from this research 
are summarized as follows: 
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1. The integration of a threshold prediction sub-system and the vibration monitoring 
sub-system within the optimum processing parameter setting ranges have been 
implemented. 
2. The ANN approach used in the threshold prediction sub-system worked successfully 
to predict the flash control threshold while the processing parameter settings differed 
from the one set in the monitoring sub-system. 
3. The ANN-IPMFM system could monitor flash caused by mixed material with 92.7% 
accuracy. 
This research is limited to only two types of plastic materials (PS and LDPE) and one 
type of injection mold. Enlarging this system to include more materials and various types of 
workpiece molds could provide greater applicability to future automated machining 
processes and implementation in industry. 
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Fuzzy Neural Networks-Based In-Process Mixed Material-Caused Flash Monitoring 
(FNN-IPMFM) System in the Injection Molding Process 
(A paper submitted to the International Journal of Advanced Manufacturing Technology) 
Jie Zhu and Joseph C. Chen 
Iowa State University 
Abstract 
This paper describes the development of a fuzzy neural networks-based, in-process, 
mixed material-caused flash monitoring (FNN-LPMFM) system in the injection molding 
processes. This system was composed of two sub-systems which were capable of monitoring 
flash and helping identify and correct mixed material problems in an on-line, real-time 
fashion. The vibration monitoring sub-system utilized an accelerometer sensor to collect and 
process vibration signals while the machine was in-process. Based on the change of the 
process parameter settings within the suggested range, the threshold prediction sub-system 
predicted a flash control threshold by the use of neural networks and fuzzy reasoning 
algorithms, in conjunction with the multiple-regression model. The integrated system 
compared the monitored vibration signals with the flash control threshold to monitor whether 
or not flash would occur. With a total of 180 tests using pure PS and mixed PS with LDPE, 
the FNN-IPMFM system demonstrated flash monitoring capability with 96.1% accuracy. 
Keywords: injection molding; flash; fuzzy neural network; accelerometer sensor 
1. Introduction 
Injection molding is the principal process for converting raw plastics into products. 
Demand for injection-molded products such as TVs, VCRs, computer housing, glasses, 
automobile parts, office furniture, etc., has increased over the past several years [1], In recent 
years, the market has expanded from low- and moderate-quality products to high-quality, 
precision-molded items, such as medical devices and automobile connectors [2], To produce 
such precision parts, product quality control is important in the injection molding process. 
Injection molding is a complex process with many factors that can affect part quality. 
Correct process control is critical for making identical parts to tight tolerances, and for 
meeting quality standards. If any processing conditions are altered, defects will occur. 
Processing conditions, such as processing parameters and material selection, are major 
contributors to defective plastic parts. 
One of the most common part defects in injection molding is flash. Flash occurs when 
excess plastic material is extruded from the edges of mold. Flash may be caused by changing 
of processing conditions including injection speed, melting temperature, clamping pressure, 
improper feeding materials or mold damage [3]. Due to problems with plastic waste disposal 
and pollution, many thermoplastics have been recycled from defective parts, trimmings, and 
other manufacturing scraps in recent years [1], However, recycling plastics can often result in 
mixed material that can vary significantly from batch to batch, especially in contaminant 
levels or degree of mixtures with other plastics. When mixed material is fed into the injection 
molding system, flash often occurs because each of the mixed materials has a different 
melting temperature and may flow into the mold at a different speed [3]. In many cases, the 
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excess material must be trimmed manually, which lowers process efficiency. To reduce 
inefficiency caused by flash, in-process flash detection techniques are essential. 
Many on-line or in-process control systems have been built to predict part defects in 
the injection molding process. Various sensors have been applied to such systems [4, 5,6]; 
however, these sensors have various limitations in flash prediction. One such system, the 
accelerometer sensor, has several advantages, such as fixed voltage sensitivity, high 
resolution, easy installation, and low cost. An accelerometer can detect vibration signals 
during production in the mold closing, plastic injection filling, and packing phases. The 
accelerometer sensor has been reported to detect flash in the injection molding process in 
previous research [7]. In this research, the processing parameters were optimized and fixed. 
Those parameters could be changed within optimum setting ranges based on part design or 
customer requirement. Within the optimum setting ranges, flash rarely happens if pure 
materials are used. However, when recycled mixed materials are used in injection molding, 
flash often occurs even at the optimum processing parameters settings. Therefore, it is 
necessary to develop multivariate control strategies and intelligent systems that are able to 
predict flash under different combinations of processing parameter settings. 
One multivariate control technology is called artificial neural networks, an 
information processing technology inspired by the investigation of the human brain and the 
nervous system. Artificial neural networks model arbitrary input signals by adjusting internal 
network connections to minimize output and input signals. Artificial neural networks have 
been employed to develop an intelligent system for injection molding parameter resetting and 
part defects detection in recent years [8, 9, 10]. 
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One of the major advantages of artificial neural networks over traditional expert 
systems is their ability to learn automatically from examples [11]. Artificial neural networks 
have proven effective not only in process modeling, but also in part defect diagnosis. 
However, the mathematics underlying artificial neural networks are insufficient to capture 
uncertainty or vagueness associated with human cognitive processes, such as reasoning or 
decision-making [12]. Such uncertainty in the manufacturing process must be handled by 
another tool: fuzzy logic. 
Fuzzy logic was introduced by Zadeh [13] in the 1960s as a means to model the 
uncertainty of natural language. It provides an inference morphology enabling approximate 
human reasoning capabilities to knowledge-based systems. Furthermore, the mathematics 
underlying fuzzy logic can capture the uncertainty, ambiguity, and vagueness associated with 
human cognitive processes, such as reasoning and decision-making [14]. In research, fuzzy 
logic has been employed to search for an acceptable machine setting in an expert system for 
reducing defects in injection molding [15]. In industry, fuzzy logic has been widely used for 
controlling complex systems due to its simplicity, low cost, and easy maintenance. 
However, since injection molding is a highly complex process, using fuzzy logic 
alone is not enough to obtain a critical component of intelligent control systems, which is a 
fuzzy rule bank generated from dynamically from expert data. To accomplish intelligent 
control in complex processes such as injection molding, researchers have been combining the 
learning capabilities of neural networks with the reasoning capabilities of fuzzy logic, 
resulting in hybrid systems called fuzzy neural networks [16]. The incorporation of the two 
approaches overcomes the limitations of each and leverages their advantages. 
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Lin and Lee [17] proposed a general neural-fuzzy model combining the neural 
network structure with learning ability and a fuzzy logic controller. This model was applied 
to simulate the control of a fuzzy car that automatically moves along a rectangular path. He 
[18] et al. developed a fuzzy-neural system for parameter resetting of injection molding. The 
system can predict the amount to be adjusted for each parameter toward reducing or 
eliminating the observed defects, drastically reducing production time and effort. 
In summary, this research serves to develop a fuzzy neural networks (FNN)-based, in-
process mixed material-caused flash monitoring (FNN-IPMFM) system in the injection 
molding process. The system has two capabilities: 1. to monitor flash while the machine is 
operating (in-process); 2. to immediately identify flash when mixed materials are used and 
adapt to the changes in processing parameters suggested by the FNN approach. The FNN-
IPMFM system will employ an accelerometer to collect vibration data during the mold 
opening, closing, and injection filling stages. 
2. Structure of the FNN-IPMFM system 
The structure of the FNN-IPMFM system is shown in Figure 1. This system consists 
of two sub-systems: 
1. A vibration monitoring sub-system monitors mixed materials-caused flash with fixed 
processing parameter settings while the injection molding operation is taking place. 
An accelerometer was chosen to collect real-time data. The accelerometer sensor 
measures real-time vibration signals and records the dynamic characters of the 
injection molding process. Using statistical analysis, a process characteristic 
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indicator, y. , will be calculated as the sub-system parameter for determining whether 
flash will occur. 
2. A threshold prediction sub-system predicts the control threshold based upon the 
current processing parameter settings. These settings may differ from the ones set by 
the monitoring sub-system, and this system therefore adapts to any necessary changes 
in processing parameter settings. The inputs of this sub-system are significant 
processing parameters including injection speed (S), holding pressure (P), melt 
temperature (T). The FNN training process is based on different parameter settings in 
the optimum setting range, for which flash control threshold values are established 
through an approach suggested by a statistical process control (SPC) mechanism. 
These cutoff values are generated from the data for the non-flash groups. For the 
testing process, the output of the sub-system is the proposed flash control threshold 
value (6) generated by the FNN model. 
The decision-making mechanism of the FNN-IPMFM system receives, converts, 
transforms, and calculates the values of the vibration signal from the accelerometer during 
the injection molding process. The average value of the max-avg. ratio y. is then compared 
with the FNN-calculated threshold prediction value 0 . The system searches for significant 
differences in products and accurately predicts whether or not flash will occur. Warning 
signals are then sent to the machine operator. The experimental design was used to develop 
the proposed system. 
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Five layer structure of FNN 
Warning signal 
Figure 1. Structure of the FNN-IPMFM system 
3. Experimental Setup 
To fully understand the FNN-IPMFM system, it is necessary to design and build an 
experimental setup to evaluate its performance. The experimental setup consists of both 
hardware and software. 
The hardware setup is shown in Figure 2. It shows the schematic of the FNN IPMFM 
system consisting of a BOY 22M injection molding machine with Procan MD 
microprocessor control (BOY Machines Inc.); a personal computer; a 3-axis PCB 
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accelerometer sensor, model No. 356B08, serial No. 6980 (PCB Piezotronics, 1994); a 
DBK11A Screw Terminal Expansion Card; and a DaqBook 100 data acquisition system 
(IOtech, 2000). The PCB accelerometer sensor was installed at the center of the top of the 
stationary mold and connected to the PC. The measured signals were connected to a battery-
powered unit to be amplified and filtered. The X-axis orientation was in the extension of the 
mold surface, the Y-axis orientation was in the vertical direction, and the Z-axis orientation 
was along the moving direction of the movable mold. 
The software used to collect vibration data from the accelerometer sensor is DaqView 
11.8 form IOtech, Inc (Ohio, USA). DaqView is a 32-bit, Windows-based data acquisition 
program that can be used to operate DaqBook 100 series devices, DaqBoard series boards, 
and other models' products from IOtech. The data file is transferred to and compatible with 
Microsoft Excel. 
In this system, while the mold was closed and the plastic material in the reciprocating 
screw was injected into the mold under high pressure, X-, Y-, and Z- directional vibration 
signals were measured by the PCB accelerometer. These signals were transmitted, amplified, 
collected, and then converted into digital data by DaqBook 100 in a personal computer. Since 
the Z-direction was the mold closing and hitting direction, it was our main research and 
analysis concern. 
4. Development of the vibration monitoring sub-system 
The vibration monitoring sub-system was developed next, utilizing this experimental 
setup. To develop this sub-system, an experimental design was devised to collect and analyze 
data, generate the process characteristic indicator for flash determination 
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Figure 2. Experimental set-up 
DaqBook 100 
4.1 Experimental design 
The goal of this experimental design was to capture the difference in the vibration 
signal between the specimens with and without flash due to mixed materials. The materials 
used in this research were Polystyrene (PS) 147F KG21 and low-density polyethylene 
(LDPE) 2072, all purchased from Prime Alliance. PS was considered the main recycled 
material in this research while LDPE was considered foreign material. The product made in 
this study was an injection-molded tensile bar that measured 4.95 inches x 0.5 inch (see 
Figure 3). 
The treatment with pure PS feeding was generated by setting up the machine 
normally, per the operational manual. The second (mixed material) treatment was done by 
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feeding artificially mixed PS and LDPE (90% PS + 10% LDPE). All of the processing 
parameters were the same for the two treatments except for the different material feeding. 
Since the machine rarely generates flash when operating within the optimum parameter 
setting ranges, no flash was expected under the treatment of pure PS. However, flash was 
highly possible in the second treatment. 
Figure 3. The injection molded tensile bars without and with flash 
4.2 Data collection 
After stabilization of the injection molding machine with the processing parameters 
reaching the setup values, fifteen injection-molded specimens were produced consecutively 
and the vibration signals were captured by the accelerometer sensor in real-time. 
Observations about the occurrence of the flash, as well as vibration data of each specimen 
were collected and recorded. 
The injection filling time was set at 1.7 seconds when using PS as feeding material. 
The data collection was set for 6 seconds, which was enough time to record activity from 
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mold open, close, and to a short time after the filling stage. The scanning frequency for 
collecting the vibration data in the data acquisition system was 500 Hz. Therefore, 3000 data 
sets including X-, Y-, and Z-axis accelerations were recorded for every single injection 
molded specimen. The Z-axis vibration data were used for analysis since the Z-axis was the 
direction in which the movable mold closed and struck the stationary mold. Once the 
experimental design and data collection procedures were complete, this data could be 
analyzed and processes in order to identify the monitoring sub-system input. 
4.3 Vibration data treatment approach 
When flash occurs in the injection process, stronger vibration signals were detected 
during the last period of the filling stage (0.4 seconds). Comparing a signal for a specimen 
without flash (Figure 4) and a signal for a specimen with flash (Figure 5), one can see that 
Figure 5 exhibits stronger vibration signals than those in Figure 4 during the last stage of the 
injection filling phase. An approach for data treatment was then developed to compare the 
signals in the last period of the injection filling stage. 
The procedures to calculate the vibration signal, which is the processing characteristic 
indicator (y), are listed as the following eight steps: 
Step 1 : Starting from the point when the mold opens, collect 3000 Z-axis vibration data 
points. This data collection covers vibration signals from the moment the mold 
opens until the end of the injection filling stage (see examples in Figures 4 and 
5). 
Step 2: Locate the second peak of the Z-axis vibration signal, which represents the 
beginning of the injection filling stage. 
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Step 3: Starting from the second peak point, collect 850 Z-axis data points. 
( Z,., i = 1,2,...850, j = 1,2... 15, where i denotes the data point and j denotes the 
specimen number used in this research.) 
Step 4: Find the maximum absolute peak value Zymax within the last 200 data points: 
^ j m a x  MaX^Zy |  =  À f o x | z 6 5 ]  j  | ,  |Z652 j  |,...|Z850 J | |  ( 1 )  
Step 5: Calculate the average absolute peak value of the 200 points: 
850 
IK, 
Z. = ^ (2) 
' 200 
Step 6: Calculate the ratio of the maximum peak value over the average peak value. 
This is called max-avg. ratio %, which has the following formula: 
Z .max 
Yj - —x , where j is number of experiments (3) 
Z j  
Step 7: Save the max-avg. ratio as y. in the memory. 
Step 8: Calculate the average of two consecutive max-avg. ratio data to generate the 
sub-group statistic y, from 7. (sub-group size = 2): 
Y j =  , where j =  1,2...15 (4) 
y j would then be considered as an processing characteristic indicator for monitoring 
the injection molding process. 
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5. Development of the threshold prediction sub-system 
Before the training of the system was conducted, the training data was collected 
through experiments. Twelve experimental data sets (see Table 1), with the input of three 
levels of injection speed, two levels of melting temperature, two levels of holding pressure, 
and the output of flash control limit 6 based on the average max-avg. ratio y. , were 
collected (see Table 1). The flash control threshold was used for the ANN training procedure 
and was established as follows: 
The flash control threshold, also called the subgroup statistic, was calculated with size 
n=2. The formula can be defined as follows: 
Subgroup average : yy. = ^1 , j = 1,2... 15 (same as Eq. 4) 
Subgroup range: R. = | y J+x - yy |, j = 1,2... 15 (5) 
The upper and lower control limit can be calculated as: 
C / Œ y  = r  +  ^ â ,  ( 6 )  
Z Œ ,  = y - 4 â ,  ( ? )  
Where y is the average of yy , j - 1,2... 15; 
R  is the average of R j ,  j  = 1,2. ..14; 
A2 = 1.88 is the control chart coefficient if subgroup size is 2. 
The upper control limit UCLy, also called flash control threshold 6 , was used in the 
FNN training procedure. With all these training data shown in Table 1, the FNN-IPMFM 
threshold prediction sub-system was ready to launch its training scheme. 
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1 95 450 1100 5.69 
2 95 450 900 5.81 
3 95 430 1100 5.57 
4 95 430 900 5.63 
5 90 450 1100 5.60 
6 90 450 900 5.75 
7 90 430 1100 5.32 
8 90 430 900 5.48 
9 85 450 1100 5.50 
10 85 450 900 5.56 
11 85 430 1100 5.24 
12 85 430 900 5.28 
Figure 4 shows the five layer structure of the fuzzy nets algorithm, including its 
inputs, layers, and output. The procedure for training the threshold prediction sub-system was 
a modified version of the fuzzy-nets five-step training procedure proposed by Chen [19] to 
define the fuzzy rule bank and the membership functions. Chen proposed a five-step training 
scheme in a five-layer FNN structure as shown in Figure 4. The detailed procedures are 
summarized as follows: 
Step 1: Divide input and output domains into fuzzy regions and create membership 
functions. 
A systematic methodology has been developed to divide all of the input and output variables 
into fuzzy regions, each region represented by a membership function. The fuzzy domain for 
a certain input or output was defined as the space between the maximum value and the 
minimum value of the experiment training data for that input (output) plus a little 
"allowance" (95% minimum and 105% maximum value were used in the fuzzy domain) at 




Figure 4. The five layer structure of the fuzzy nets algorithm [19] 
melt temperature could be [T, T+] = [408.5, 472.5] Fahrenheit, and the holding pressure 
could be [?", P+] = [855, 1155] pounds per square inch. The output flash threshold value 
could be defined as [# ~,Q +]. The "+" means maximum value, while the means 
minimum value of the applied domain intervals. 
Each domain is divided into 2k+l regions, which are denoted by linguistic variables 
Sk, S(k-l), ...M, ...L(k-l), and Lk. The k value for all the domains was set to 1 at the 
beginning of the training process. Thus, all the domains can be first divided into three 
regions: SI, Ml, and LI, then expanded to five regions: S2, SI, M, LI, L2 if needed (See 
Figure 5.) Each linguistic variable A (A is linguistic variable of SI, Ml, or LI) is associated 
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with a fuzzy set, each of which has a defined membership function \iA. The membership 
function |j.A(x) gives the degree of membership of x in the region A. 
Triangular functions can be used in this research to build fuzzy membership functions 
because it is one of the easiest shapes to use. For example, the fuzzy degree of an input 
injection speed value of St for any fuzzy region A in the injection speed domain was given 
as follows: 
W 
,  S , e [ c j - p r , c j ]  (8) 
1, e [- co,X~]or x e [^f + ,co] 
0, elsewhere 
Where W is the spread width and is defined as half of the base of the triangle, and 
CA is the center point value of the membership function S. 
Using the same principle, the fuzzy degree of all membership functions in all the 
input and output domains could be decided. 
Step 2. Generate fuzzy rules for the given data 
Since membership functions in a domain overlap one another, a specific value in a 
domain will usually produce two fuzzy degrees, one from each membership function. To 
reduce the complexity of the situation, only one membership function will be used. Thus, 
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Figure 5. Membership functions of inputs and output (a) membership 
function of injection speed S; (b) membership function of melt 
temperature T; (c) membership function of holding pressure P; 
(d) membership function of output 6 
1. Acquire the training data sets including both the input variables and output response 
via experiments. 
2. Retrieve the linguistic variables via the membership functions from step 1. 
3. Specify the maximum strength of each input variable and output response, choosing 
the membership function with the larger fuzzy degree value. 
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Using the same example from Figure 5(a), if the injection speed is 88%, then two jus 
values will be produced: 0.4 from SI, and 0.6 from M. To reduce the complexity, only one 
membership function out of the two was used. In the study, the membership function with the 
larger fuzzy degree was chosen. In Figure 7 (a), when S= 88, the M membership function 
was chosen. By the same token, every single value from the experimental training data of 
every input or output will issue a corresponding membership function. For example, if the 
j'* data set [sj,Tj,PJ ,0J} = {80%,440F,875psi,5.17}, and the membership functions are 
{S1!,M,51,Si}, then the corresponding fuzzy rule will be 
IF { S j i s  S I  A N D  T >  i s  M  A N D  P j  i s  .Si}, THEN {oj is S\}. (9) 
Where AND indicates the conditions of IF statement must all be met simultaneously in order 
for the result of THEN statement to be true. 
Step 3. Solve conflicting rules 
Since twelve data sets were used to produce fuzzy rules, it is possible that there are 
some conflicting rules (rules with the same "IF" condition but different "THEN" actions) 
among them. To solve these conflicts, two general approaches, top-down and bottom-up, are 
used. Initially, the top-down methodology is faster, but if sometimes cannot resolve the 
conflict. If the conflict continues, the bottom-up method is employed for resolving the 
process. 
The top-down methodology works by assigning a degree (d) to each rule. The degree 
of the rule, "IF S is M AND T is M AND P is L, THEN 6 is S," is defined as: 
d(rule) = |VS) Mt) IMP) M-s(O) ]iD (10) 
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where |j.D is the condition degree, from 0 to 1, is determined by a human expert on 
how well the injection condition is when the rule is produced. If nothing unusual happens 
during injection molding, then gD would usually be 1. An example of two conflicting rules (j 
and k) is: 
Rule j: "IF S is M AND T is M AND P is L, THEN 0 is S." (11) 
Rule k: "IF is M AND T is M AND P is L, THEN 6 is M." (12) 
To solve this conflict, if the magnitude of the deviation |d(rule k) -d(rule y)| >  S  ,  
where 0 < £<0.1, and ô is a user-defined value, then the rule with the maximum active 
value is chosen. Otherwise (i.e. |d(rule k) -d(rule y)| <S), the training is suspended. A 
bottom-up procedure is employed to resolve this problem. 
The bottom-up methodology expands the number of fuzzy regions to decrease the 
fuzziness and increase the degree of discrimination in two conflicting rules. The rule of 
expansion is to add two more regions to one feature of the input domain. For example, S is 
set up initially for five regions. If the differential degree of rule j and rule k is less than 8, 
then S is extended to seven regions. Thus, all the previously trained input-output data-pairs 
must be retained. If any other rules conflict, two more regions must be added to the output 
feature. If the conflicts still exist, the number of regions of the next input feature and output 
feature are extended sequentially until all the conflicting situations are resolved. 
In this research, all the fuzzy condition degrees (|j,D) of the data decided by the 
researchers of the study were 1. The value S was set to 0.03. With a C-based FNN-IPMFM 
training and predicting program, all the fuzzy rules resulting from the experiment could be 
created with all conflicts resolved. The final input domains of the injection speed and melt 
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temperature were expanded to five regions. The output domain of the flash prediction 
threshold value 0 was expanded to five regions. Only the holding pressure was set at three 
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Figure 6. Final membership functions of inputs and output (a) membership 
function of injection speed S; (b) membership function of melt 
temperature T; (c) membership function of holding pressure P; (d) 
membership function of output 0 
Step 4. Develop fuzzy rule bank 
After all the fuzzy rules had been generated and all the conflicting rules resolved, a 
fuzzy rule bank was built by filling the rules into the cells. Just one rule will fill a cell owing 
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to the "AND" logic that has been applied. The rule bank structure was constructed with the 
antecedents of the rules. Since there were three antecedents in each rule (injection speed S, 
melt temperature T, holding pressure P), then the rule bank is three-dimensional, measuring 
5x5x3 in structure as shown in Figure 7. 
After the fuzzy rule bank was filled with the fuzzy rules from the training data sets, 
there were still some empty cells in the fuzzy rule bank due to the limited number of 
experimental data sets. These empty cells were filled using a multiple-regression model to 
estimate the possible rules to complete the fuzzy rule bank structure. Using the training data 
from Table 1, the multiple-regression model was generated as: 
T 
S2 SI M LI L2 
P 
L2 
Figure 7. The three-dimensional fuzzy rule bank 
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0 = 9.884 + (-0.128)*(S) + (-0.0186)*(T) + (-0.0357)*(P) + (0.0004)*(S*T) + 
(0.00042)*(S*P) + (0.000084)*(T*P) + (-0.000001)*(S*T*P) (13) 
F-test of this model shows that F-ratio is 25.18 with P-value of 0.0037, which 
indicates this multiple-regression model is capable of completing the fuzzy rule bank. 
An example of filling an empty cell using the multiple-regression model is shown as 
follows: the cell of {S'2,M,5,l}was empty. Replacing these linguistic variables with the 
center values {79.8, 440.5, 855}, the estimated flash prediction threshold value was shown 
as: 
0 = 9.884 - 0.128*79.8 - 0.0186*440.5 - 0.0357*855 + 0.0004*79.8*440.5 + 
0.00042*79.8*855 + 0.000084*440.5*855 - 0.000001)*79.8*440.5*855 = 5.25 (14) 
This crisp value was "fuzzified" by replacing it with a linguistic variable that 
represents the best-fit membership function of the threshold value for predicting flash. This 
value owned membership functions in both S2 and SI fuzzy regions of the flash prediction 
threshold with fuzzy degrees of 0.036 and 0.964, respectively. Since it has a higher 
membership in SI rather than in S2, the linguistic variable SI was chosen to fill the empty 
cell. Therefore, the original empty rule was filled with the rule "IF (S is S2, T is M, and P is 
SI) THEN (0 is SI)". After all the empty rule bank cells had been filled using the multiple-
regression process, adding the existing fuzzy rule bank from the experimental training data 
set, the final rule bank was completely constructed. The entire rule bank, consisting 75 cells, 
was shown in Table 2. 
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Table 2. The complete fuzzy rule bank for the FNN-IPMFM system 
Temperature 
Injection Speed Hold Pressure S2 SI M L1 L2 
Flash threshold value 0 (75 cells) 
S2 SI S2 S2 SI M L1 
S2 M S2 S2 SI M L1 
S2 LI S2 S2 SI M L1 
SI SI S2 SI M L1 L1 
SI M S2 SI SI M L1 
SI LI S2 SI M M L1 
M SI SI M L1 L1 L2 
M M S2 SI M L1 L1 
M LI S2 SI M M L1 
LI SI SI M L1 L1 L2 
LI M SI M M L1 L1 
LI LI SI M L1 M L1 
L2 SI M LI L1 L2 L2 
L2 M M M L1 L1 L1 
L2 LI M M M L1 L1 
Step 5. Defuzzification 
The output 0 from the fuzzy rule bank is a linguistic variable that is still fuzzy. To 
make it useful, the linguistic variables must be transferred into numerical values. This 
process is called defuzzification. Of the many different defuzzification methods, the centroid 
method was chosen in this study. Two steps are to be considered in this method. 
First, for given inputs (S, T, P), the antecedents of the fuzzy rule select the minimum 
value from the fuzzy degrees of the input values. This value becomes the fuzzy degree of the 
output value 0, expressed as: 
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Where outputJ denotes the output regions of rule j, and input1 denotes the input region of 
rule j of the input vector. Second, the predicted output value from defuzzification is 
calculated based on the following equation: 
y = J-— (16) 
. ft output (^ /' ) 
j  
where C { O j  ) denotes the center of the output region, o u p u t j , and k is the number of adjacent 
fuzzy rules in the combined fuzzy rule-base. 
6. FNN-IPMFM decision-making mechanism 
After the vibration monitoring sub-system and the threshold prediction sub-system 
have been developed, the FNN-IPMFM system was completed by integrating the two sub­
systems to monitor flash in real-time fashion. In order for this system to function, the 
machine processing parameters, the inputs of the threshold prediction sub-system, were first 
setup within the optimum setting ranges. The output of the threshold prediction system-the 
control threshold value 0, was generated as a cutoff value for determining whether flash 
occurs or not based on the setup parameters. 
The machine was then started in order to activate the system, during which the 
vibration monitoring sub-system began to collect and process the vibration signal. After the 
second specimen was molded and released, the average of two consecutive max-avg. ratio 
y j (as defined in section 4) was generated and ready to compare with the flash control 
threshold value 0. The comparison rule between y j and 0 is specified as follows: 
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—  y  •  +  y + 1  
3. If y j = 1 1— > 9, then the system would signal that flash had likely occurred and 
give the corresponding warning signal. 
4. If not, the system would not alarm, and y. and y/+1 would be replaced by new ratio 
values based on data from injection-molded products just out of the production line. 
7. Evaluation of the FNN-IPMFM system 
To evaluate the system's performance, testing experiments were conducted. Testing 
was completed using pure PS material and PS mixed with 10% LDPE, respectively. The 
testing design is shown in Table 3. The parameters for the 12 testing runs are setup with 
random combinations. In each testing run, 15 products were tested in real-time and the 
corresponding flash signal data was recorded. After completing the testing, the flash 
prediction threshold values 0 from the FNN-LPMFM system were compared with the 
calculated process characteristic indicator y. to determine whether or not flash will occur. 
Test numbers 1 through 6 were completed using pure PS feeding; each test had 15 
samples and therefore a total of 90 testing sample have been evaluated. Under pure PS 
conditions, no flash was found among all 90 products. Only four specimens were found 
having higher y. than the flash threshold value 0, which indicates flash. The testing accuracy 
was 95.6% in this case. Test numbers 7 through 12 were conducted using mixed PS with 
10% LDPE. In each test, fifteen specimens were tested in-process. Under such mixed-
material feeding situation, all products had flash. However, three products had lower y. than 
the flash threshold value 0. The testing results showed 96.7% accuracy in this case. 
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Actual product quality 
No. # of # of Non- # of # of non-
S(%) T(F) P (psi) flash flash flash flash 
1 94 445 1020 5.64 0 15 0 15 
2 94 445 920 5.55 1 14 0 15 
3 94 435 1020 5.76 0 15 0 15 
4 94 435 920 5.58 2 13 0 15 
5 89 445 1020 5.56 0 15 0 15 
6 89 445 920 5.37 1 14 0 15 
7 94 445 1020 5.64 15 0 15 0 
8 94 445 920 5.55 14 1 15 0 
9 89 445 1020 5.56 15 0 15 0 
10 89 445 920 5.37 14 1 15 0 
11 84 435 1020 5.52 14 1 15 0 
12 84 435 920 5.27 15 0 15 0 
Total number of testing =180, 
Total number of testing error = 7, 
FNN-IPMFM system accuracy = (180-7)/180 = = 96.1% 
There were a total of 180 testing samples using these two material conditions. The 
accuracy of the FNN-IPMFM system was calculated using the total number of errors made 
by the system divided by the total number of testing samples. As indicated by the results of 
this calculation, the FNN-IPMFM system can efficiently predict flash with 96.1% accuracy. 
8. Conclusions 
A new approach for a fuzzy neural networks-based in-process, mixed material-caused 
flash prediction (FNN-IPMFM) system in the injection molding process was developed and 
examined in this study. The system was shown to be able to predict flash during the injection 
molding operation. The main conclusions drawn from this research are summarized as 
follows: 
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1. The FNN-IPMFM system could predict flash caused by mixed material with 96.1% 
accuracy. 
2. Use the neural networks and fuzzy reasoning algorithms, in conjunction with the 
multiple-regression model, have made the FNN-IPMFM system easier to use. 
5. The FNN-IPMFM system could generate accurate flash threshold values and 
efficiently predict flash when major processing parameters, such as injection speed, 
melt temperature, and holding pressure, are changing within the range of optimum 
settings. 
This research is limited to only two types of plastic materials and one type of injection 
mold. Since the injection molding process varies depending on mold design, part size and 
complexity, material characteristics, and wider range of molding conditions. Enlarging this 
system to include more materials and various molds for workpieces could provide greater 
applicability to future automated machining processes and implementation in industry. 
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CHAPTER 5. GENERAL CONCLUSIONS 
General Discussion 
Injection molding is one of the main processing methods of the plastics industry due 
to its mass production capabilities, high quality, and relatively low cost. Due to the shortage 
of petroleum, waste disposal and environmental pollution problems, many thermoplastics are 
recycled in the injection molding process. Recycled plastics may contain mixtures of 
different materials which will cause molded part quality problems such as flash, which result 
in more manual work and increase production cost. 
Flash inspection in the current injection molding industry is usually done by means of 
manual work or off-line detecting by routinely collecting and inspecting products. To go 
beyond current flash inspection techniques, an advanced in-process technology is required to 
monitor the mixed-material-caused flash problem in real-time and on-line in the injection 
molding process. Therefore, an in-process mixed-materials-caused flash monitoring system 
(IPMFM) that operates within a certain range of processing parameters was developed and 
implemented in this research. 
In this research, three in-process, mixed material-caused flash monitoring systems in 
the injection molding process have been developed in this research. They are: (1) the in-
process, mixed material-caused flash monitoring (IPMFM) system under fixed processing 
parameter settings; (2) the artificial neural networks-based, in-process, mixed material-
caused flash monitoring (ANN-IPMFM) system under a different combination of processing 
parameters settings; (3) the fuzzy neural networks-based, in-process, mixed material-caused 
flash monitoring (FNN-IPMFM) system under a different combination of processing 
parameters settings. 
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The IPMFM system was developed to monitor flash in-process under mixed-material 
feeding conditions while other processing parameters are set at fixed optimum values. Each 
of the ANN-based IPMFM system and FNN-based IPMFM system consists of two sub­
systems: One is the monitoring sub-system, which collects processing vibration signal via the 
PCB accelerometer sensor and then makes decisions to determine whether or not flash will 
occur in an on-line, real-time fashion. The other threshold prediction sub-system, which is 
based on the ANN and FNN approaches, works to predict the flash control threshold value 
while the processing parameter settings differ from the ones set by the monitoring sub­
system. 
The development of the three systems involves addressing a number of issues, these 
include: 
I. Development of the IPMFM system, which is demonstrated in chapter 2 and summarized 
as follows: 
1. Building the structure of the system including the injection molding process system, 
the signal collecting system for real-time data by the PCB accelerometer sensor, and 
the decision-making system using SPC mechanism. 
2. Installing the PCB accelerometer sensor on the center of the top of the BOY 22M 
injection molding machine stationary mold platen and employing DaqView 11.8 
software for vibration data collection. 
3. Collecting process data representing the vibration signal from the opening of the mold 
until the end of the injection filling stage and taking into consideration the amount of 
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data required to build a model to identify the vibration signal difference between parts 
with and without flash. 
4. Employing a SPC approach to analyze the process data and constructing a 
mathematic model to obtain a flash prediction threshold value based on these fixed 
optimum processing parameter settings: injection speed at 90%, melt temperature of 
PS at 440° F, holding pressure at 1000 psi. 
5. Evaluating the performance of the system. 
II. Development of the ANN-IPMFM system, which is demonstrated in chapter 3 and 
summarized as follows: 
1. Defining optimum processing parameter setting ranges: injection speed from 85% to 
95%, melt temperature of PS from 430 to 450° F, holding pressure from 900 to 1100 
psi. Expert systems suggest that as long as the parameter settings are within these 
ranges, the injection molding machine cannot produce flash when using pure 
materials. 
2. Designing an experiment to collect training data. The inputs of the ANN-based 
threshold prediction sub-system are injection speed, melt temperature, and holding 
pressure. The output of the sub-system is the proposed flash control threshold values 
based on processing vibration signals. 
3. Implementing an ANN back propagation training scheme to obtain the weights 
between each neuron to determine the optimum training scheme as 3-7-7-1 two-
hidden-layer ANN model. 
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4. Integrating the ANN-based threshold prediction sub-system with the monitoring sub­
system for evaluation with 12 test runs under both pure PS and mixed PS with 10% 
LDPE feeding conditions. 
III. Development of the FNN-IPMFM system, which is demonstrated in chapter 4 and 
summarized as follows: 
1. Defining optimum processing parameter setting ranges: injection speed from 85% to 
95%, melt temperature of PS from 430 to 450° F, holding pressure from 900 to 1100 
psi. Expert systems suggest that as long as the parameter settings are within these 
ranges, the injection molding machine cannot produce flash when using pure 
materials. 
2. Designing an experiment to collect training data. The inputs of the FNN-based 
threshold prediction sub-system are injection speed, melt temperature, and holding 
pressure. The output of the sub-system is the proposed flash control threshold values 
based on processing vibration signals. 
3. Implementing the five-step training scheme to obtain the fuzzy rule bank, which is 
demonstrated in chapter 4. 
4. Integrating the FNN-based threshold prediction sub-system with the monitoring sub­
system for evaluation with 12 test runs under both pure PS and mixed PS with 10% 
LDPE feeding conditions. 
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Conclusions 
Based on the development of the EPMFM system, a number of conclusions can be 
from this research: 
95 
1. The PCB accelerometer sensor can be effectively employed in the proposed 
system to monitor the difference in the vibration signals between injection-
molded parts with flash and without flash. When flash occurs in the injection 
process, stronger vibration signals are detected by the PCB accelerometer sensor 
during the last period of the injection filling stage. 
2. The injection filling stage average-maximum ratio y. , which is the average of two 
consecutive maximum signal magnitudes to the average magnitude of the Z-axis 
vibration signal data during the last period of the injection filling stage, has been 
shown to be a good process characteristic indicator for determining whether flash 
will occur while injection molding is taking place. 
3. The SPC mechanism used for establishing the flash monitoring threshold value 
has been shown to be efficient in forming the decision-making mechanism of the 
monitoring sub-system. 
4. With fixed optimum processing parameters settings of injection speed at 90%, 
melt temperature of PS at 440° F, and holding pressure at 1000 psi, the IPMFM 
system can monitor flash with approximately 94.7% accuracy after two 
consecutive products are made. Therefore, this system is suitable for an in-process 
flash monitoring approach in injection molding operations. 
5. The ANN-based in-process mixed-material-caused flash monitoring system 
(ANN-IPMFM) in the injection molding process has been successfully developed. 
The ANN approach used in the threshold prediction sub-system works 
successfully to predict flash control threshold values while the processing 
parameter settings differ from the ones set by the vibration monitoring sub-
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system. The integration of the ANN-based threshold prediction sub-system and 
the vibration monitoring sub-system has been implemented to maintain optimum 
processing parameter settings. The ANN-IPMFM system has demonstrated 92.7% 
accuracy in monitoring flash. 
6. The FNN-based in-process mixed-material-caused flash monitoring system 
(FNN-IPMFM) in the injection molding process has been successfully developed. 
The FNN approach used in the threshold prediction sub-system works 
successfully to predict flash control threshold values while the processing 
parameter settings differ from the ones set by the monitoring sub-system. The 
integration of FNN-based threshold prediction sub-system and the vibration 
monitoring sub-system has been implemented to maintain optimum processing 
parameter settings. The FNN-IPMFM system can monitor flash in real-time and 
on-line with 96.1% accuracy. 
7. Both the ANN-IPMFM system and the FNN-IPMFM system have the potential to 
be applied in the injection molding industry to not only detect flash during the 
machine operation, but also to realize and correct these problems immediately. 
Recommendations for Future Research 
In this research, an IPMFM system that operates within fixed optimum processing 
parameter settings, and the ANN-IPMFM system and the FNN-IPMFP systems that operate 
within optimum processing parameter setting ranges, have been successfully developed. 
However, the injection molding process varies depending on mold design, part size and 
complexity, material characteristics, and wider range of molding conditions. To consider 
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such a system for commercial use in the injection molding industry, it is essential that future 
research be conducted in the following areas: 
1. Different mixed materials 
This research only focused on the mixed materials of PS and LDPE. In the injection 
molding industry, hundreds of different mixed materials situations are possible. Since 
different plastic materials have varying physical characteristics, more experiments 
need to be performed to investigate the extent of flash based on different mixed 
materials combinations. 
2. Different injection molding machine, mold or part design 
This research has been done using a BOY 22M injection molding machine, a single 
cavity tensile bar mold, and an injection-molded tensile bar product. The results and 
conclusions of the developed system are only valuable and reliable for this particular 
machine, mold design, and part design. It would be beneficial to extend the research 
into different injection molding machines with different mold designs and part 
designs using the same approaches proposed in this research. With enough research, 
this in-process flash monitoring system could be used in the injection molding 
industry and eventually applied in real-time flash detection. 
3. More processing parameters as ANN or FNNbased threshold prediction sub-system 
inputs 
Numerous processing parameters have direct or indirect effects on the injection 
molding process. In this research, only three significant processing parameters 
(injection speed, holding pressure, and melting temperature) were selected as ANN or 
FNN inputs, which have been proved to be significant processing parameters 
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affecting part quality in the injection molding process. Other processing parameters, 
such as injection pressure, back pressure, mold temperature, etc., can also be set 
within certain optimum ranges during the molding process. They will need to be 
considered as inputs of ANN or FNN in future studies in order to adjust the flash 
prediction threshold value changes and make the ANN-IPMFM or FNN-IPMFM 
system more reliable and applicable in the injection molding flash monitoring system. 
4. In-process flash prediction caused by other reasons 
In this research, all the other injection molding conditions, including processing 
parameter settings, mold design, and part design, are fixed and set at optimum 
conditions. Therefore, material property is the only possible cause of flash. When the 
molding conditions are changed due to customer requirement or human error, flash 
might occur due to too hot material, too high pressure, poor parting line, or 
insufficient clamp pressure. Therefore, a complex system can be developed to 
calculate the different flash prediction threshold values under these situations and 
compare their difference and efficiency. 
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APPENDIX A. RAW DATA FOR OBTAINING FLASH CONTROL THRESHOLD 
FOR ANN AND FNN TRAINING USING PURE MATERIAL 
Run 1: S = 95%, T = 450 °F, P = 1100 psi Run 2: S = 95%, T = 450 °F, P = 900 psi 
number r j  rj R J  
1 5.49 
2 5.31 5.4 0.18 
3 4.99 5.15 0.32 
4 4.75 4.87 0.24 
5 5.67 5.21 0.92 
6 5.15 5.41 0.52 
7 5.07 5.11 0.08 
8 4.49 4.78 0.58 
9 5.32 4.905 0.83 
10 4.9 5.11 0.42 
11 4.9 4.9 0 
12 4.45 4.675 0.45 
13 4.94 4.695 0.49 
14 4.86 4.9 0.08 
15 4.78 4.82 0.08 
Average value 4.995357 0.370714 
Flash Control Threshold 6X = 5.6923 
number Yj V ,  R J  
1 5.57 
2 5.96 5.765 0.39 
3 5.03 5.495 0.93 
4 5.36 5.195 0.33 
5 4.88 5.12 0.48 
6 4.47 4.675 0.41 
7 4.08 4.275 0.39 
8 3.95 4.015 0.13 
9 5.18 4.565 1.23 
10 5.09 5.135 0.09 
11 5.04 5.065 0.05 
12 4.79 4.915 0.25 
13 4.89 4.84 0.1 
14 5.53 5.21 0.64 
15 4.59 5.06 0.94 
Average value 4.952143 0.454286 
Flash Control Threshold 02 =5.8062 
Run 3: S = 95%, T = 430 °F, P = 1100 psi Run 4: S = 95%, T = 430 °F, P = 900 psi 
number r j  Yj R J  
1 4.36 
2 5.07 4.715 0.71 
3 5.04 5.055 0.03 
4 4.59 4.815 0.45 
5 4.1 4.345 0.49 
6 5.24 4.67 1.14 
7 5.03 5.135 0.21 
8 4.57 4.8 0.46 
9 4.29 4.43 0.28 
10 5.02 4.655 0.73 
11 5.37 5.195 0.35 
12 5.14 5.255 0.23 
13 4.78 4.96 0.36 
14 4.69 4.735 0.09 
15 4.72 4.705 0.03 
Average value 4.819286 0.397143 
Flash Control Threshold 02 = 5.5659 
number ï j  7, R J  
1 5.31 
2 5.19 5.25 0.12 
3 5.28 5.235 0.09 
4 4.76 5.02 0.52 
5 3.88 4.32 0.88 
6 4.46 4.17 0.58 
7 4.82 4.64 0.36 
8 5.06 4.94 0.24 
9 4.5 4.78 0.56 
10 4.86 4.68 0.36 
11 5.66 5.26 0.8 
12 5.03 5.345 0.63 
13 4.48 4.755 0.55 
14 4.7 4.59 0.22 
15 4.65 4.675 0.05 
Average value 5.6332 0.4257 
Flash Control Threshold 0 A  = 5.6332 
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Run 5: S = 90%, T = 450 °F, P = 1100 psi 
number y j  Y j  R J  
1 4.24 
2 4.45 4.345 0.21 
3 4.76 4.605 0.31 
4 4.39 4.575 0.37 
5 5.36 4.875 0.97 
6 5.07 5.215 0.29 
7 4.77 4.92 0.3 
8 4.58 4.675 0.19 
9 4.67 4.625 0.09 
10 4.98 4.825 0.31 
11 5.42 5.2 0.44 
12 4.71 5.065 0.71 
13 5.29 5 0.58 
14 5.13 5.21 0.16 
15 4.48 4.805 0.65 
Average value 4.852857 0.398571 
Flash Control Threshold 0 5  = 5.6022 
Run 7: S = 90%, T = 430 °F, P = 1100 psi 
number YJ h  R J  
1 4.86 
2 5.08 4.97 0.22 
3 4.79 4.935 0.29 
4 4.75 4.77 0.04 
5 5.1 4.925 0.35 
6 5.01 5.055 0.09 
7 4.9 4.955 0.11 
8 4.69 4.795 0.21 
9 5.38 5.035 0.69 
10 5.1 5.24 0.28 
11 4.91 5.005 0.19 
12 4.73 4.82 0.18 
13 4.81 4.77 0.08 
14 4.73 4.77 0.08 
15 4.92 4.825 0.19 
Average value 4.919286 0.214286 
Flash Control Threshold 07= 5.3221 
Run 6: S = 90%, T = 450 °F, P = 900 psi 
number Y j  YJ R J  
1 4.72 
2 3.85 4.285 0.87 
3 4.58 4.215 0.73 
4 4.63 4.605 0.05 
5 5.14 4.885 0.51 
6 5.7 5.42 0.56 
7 4.98 5.34 0.72 
8 4.37 4.675 0.61 
9 4.62 4.495 0.25 
10 4.6 4.61 0.02 
11 5.31 4.955 0.71 
12 4.8 5.055 0.51 
13 5.24 5.02 0.44 
14 5.06 5.15 0.18 
15 4.25 4.655 0.81 
Average value 4.811786 0.497857 
Flash Control Threshold 06= 5.7478 
Run 8: S = 90%, T = 430 °F, P = 900 psi 
number YJ T, R J  
1 5.04 
2 5.24 5.14 0.2 
3 4.68 4.96 0.56 
4 4.89 4.785 0.21 
5 3.65 4.27 1.24 
6 4.39 4.02 0.74 
7 3.79 4.09 0.6 
8 4.28 4.035 0.49 
9 5.05 4.665 0.77 
10 5.22 5.135 0.17 
11 4.86 5.04 0.36 
12 4.96 4.91 0.1 
13 4.84 4.9 0.12 
14 4.95 4.895 0.11 
15 5.04 4.995 0.09 
Average value 4.702857 0.411429 
Flash Control Threshold 0S = 5.4763 
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Run 9: S = 85%, T = 450 °F, P = 1100 psi 
number r j  y j  R J  
1 4.9 
2 5.25 5.075 0.35 
3 4.81 5.03 0.44 
4 5.32 5.065 0.51 
5 4.89 5.105 0.43 
6 4.53 4.71 0.36 
7 4.29 4.41 0.24 
8 4.4 4.345 0.11 
9 5.14 4.77 0.74 
10 5.34 5.24 0.2 
11 4.9 5.12 0.44 
12 5.01 4.955 0.11 
13 4.86 4.935 0.15 
14 5.02 4.94 0.16 
15 5.12 5.07 0.1 
Average value 4.912143 0.31 
Flash Control Threshold 0 9  = 5.4949 
Run 11: S = 85%, T = 430 °F, P = 1100 psi 
number Y j  YJ R J  
1 4.67 
2 4.29 4.48 0.38 
3 4.14 4.215 0.15 
4 4.62 4.38 0.48 
5 4.76 4.69 0.14 
6 4.5 4.63 0.26 
7 4.35 4.425 0.15 
8 3.98 4.165 0.37 
9 3.66 3.82 0.32 
10 4.71 4.185 1.05 
11 5.14 4.925 0.43 
12 5.2 5.17 0.06 
13 4.54 4.87 0.66 
14 3.88 4.21 0.66 
15 4.57 4.225 0.69 
Average value 4.456429 0.414286 
Flash Control Threshold 0 U  = 5.2353 
Run 10: S - 85%, T = 450 °F, P = 900 psi 
number Y j  r j  R J  
1 5.11 
2 5.38 5.245 0.27 
3 5.06 5.22 0.32 
4 5.17 5.115 0.11 
5 4.9 5.035 0.27 
6 4.5 4.7 0.4 
7 3.76 4.13 0.74 
8 3.95 3.855 0.19 
9 4.76 4.355 0.81 
10 5.71 5.235 0.95 
11 5.32 5.515 0.39 
12 5.2 5.26 0.12 
13 4.97 5.085 0.23 
14 4.95 4.96 0.02 
15 4.91 4.93 0.04 
Average value 4.902857 0.347143 
Flash Control Threshold 9 [ 0 = 5.5554 
Run 12: S = 85%, T = 430 °F, P = 900 psi 
number Y j  YJ R J  
1 4.89 
2 4.36 4.625 0.53 
3 4.28 4.32 0.08 
4 4.9 4.59 0.62 
5 4.85 4.875 0.05 
6 4.56 4.705 0.29 
7 4.1 4.33 0.46 
8 4.06 4.08 0.04 
9 3.94 4 0.12 
10 3.85 3.895 0.09 
11 4.59 4.22 0.74 
12 5.37 4.98 0.78 
13 4.86 5.115 0.51 
14 4.24 4.55 0.62 
15 5.09 4.665 0.85 
Average value 4.496429 0.412857 
Flash Control Threshold 0 N  = 5.2726 
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APPENDIX B. THE PROGRAM OF THE FNN-IPMFM SYSTEM 






public class Parameter 
{ 
private static int maxKValue = 4; 
private string myParameterName; 
private double myMinValue; 
private double myMaxValue; 
public int myKValue; 
public Parameter(string name, double minValue, double max Value, int k) 
{ 
myParameterName = name; 
myMinValue = minValue; 
myMaxValue = max Value; 
myKValue = k; 
} 
//returns the range of a parameter 
public string getRange() 
{ 
return ("(" + myMinValue + " ~ + myMaxValue + 
} 





//returns the primary membership of a parameter based on val 
public Membership getMembership(doubie val) 
{ 
Membership[] m = getDualMemberships(val); 
if (m.Length < 2) 
return m[0]; 
else if (m[0].degree > m[l],degree) 
return m[0]; 
else return m[l]; 
} 
//returns the primary and secondary memberships based on val 
public Membership[] getDualMemberships(double val) 
{ 
Membership ml = new Membership^"", 0.0, myKValue); 
Membership m2 = new Membership^"", 0.0, myKValue); 
if (val < myMinValue || val > myMaxValue) 
{ 
return new Membership^] {exceedLimit(val)}; 
} 
double width = (myMaxValue - myMinValue) / (myKValue * 2); 
double degree 1 = 0.0; 
int region 1 = 0; 
double i = myMinValue; 
bool done = false; 




if (val >= i && val < i + width) 
{ 
double centerPt = i; 
if ((val >= centerPt) && (val < centerPt + width)) 
degree 1 = 1 - ((val - centerPt) / width); 
else if ((val >= centerPt - width) && (val < centerPt)) 
degree 1 = 1 - ((centerPt - val) / width); 
else degree 1 = 0.0; 
done = true; 
} 
i+=width; 
double degree2 = 1 - degree 1; 
int region2; 
if (region 1 < (myKValue * 2) + 1 ) 
region2 = region 1 + 1; 
else region2 = region 1 - 1; 
ml. degree = degree 1; 
ml.region = getRegionN ame(region 1 ); 
m2. degree = degree2; 
m2.region = getRegionName(region2); 
return new Membership[2] {ml,m2}; 
} 
//returns a default membership for vais outside of parameter's range 
private Membership exceedLimit(double val) 
{ 
Membership ans = new Membership("", 1.0, myKValue); 
105 
if (val > myMaxValue) 
ans.region = getRegionName((2 * myKValue) + 1); 
else ans.region = getRegionName(l); 
return ans; 
} 
//returns a region name of a parameter based on regionNum 




int median = ( ( (2 * myKValue) + 1) / 2 )+l; 
if (regionNum < median) 
{ 
name = "S"; 
temp = median - regionNum; 
name += temp + ""; 
} 
else if (regionNum > median) 
{ 
name = "L"; 
temp = regionNum - median; 
name += temp + ""; 
} 
else name = "MD"; 
return name; 
} 
//returns the value of a region based on regionNum 
public double getRegionValue(int regionNum) 
{ 
double ans = 0.0; 
double width = (myMaxValue - myMinValue) / (2 * myKValue); 
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ans = myMinValue + (width * (regionNum - 1)); 
return ans; 
} 
//returns true if parameter's K-value has not reached limit 
public bool isExpandable() 
{ 
return (myKValue < maxKValue); 
} 
} 
public class Membership 
{ 
public string region; 
public double degree; 
private int myParameterKVal; 
public Membership(string region, double degree, int k) 
{ 
this.region = region; 
this.degree = degree; 
this. myParameterKV al = k; 
} 
//returns the region number of a membership 
public int getRegionNumber() 
{ 
int temp = 0; 
int ans = 0; 
int median = (((2 * myParameterKV al) + 1) / 2) + 1; 
if (region == "MD") 
ans = median; 
else if (region[0] == 'S') 
{ 
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temp = Int32 .Parse(region[ 1 ] + ""); 
ans = median - temp; 
} 
else if (region[0] == 'L') 
{ 
temp = Int32.Parse(region[l] + ""); 





public class TrainingData 
{ 
private int myNumberOfParameters; 
public double [] parameterValues; 
public double outputValue; 
public TrainingData(int num) 
{ 
myNumberOfParameters = num; 
parameterValues = new double [num]; 
} 
} 
public class Rule 
{ 
private int myNumberOfParameters; 
public Membership]] parameterMemberships; 
public Membership outputMembership; 
public Rule(int num) 
{ 
myNumberOfParameters = num; 
parameterMemberships = new Membership [num]; 
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//returns true if aRule is in conflict with current (self) rule 
public bool isConflict(Rule aRule) 
{ 








APPENDIX C. THE TWELVE TESTING GROUP RESULTS FOR ANN-IPMFM 
Testing results using pure PS (Run 1 to Run 3) 
Run 1 Run 2 Run 3 
Test No. YJ Y }  Test No. 7; YJ Test No. YJ YJ  
1 4.99 1 4.47 1 5.32 
2 5.47 5.23 2 5.08 4.775 2 5.24 5.28 
3 4.38 4.925 3 4.76 4.92 3 4.7 4.97 
4 4.86 4.62 4 6.03 5.395 4 4.43 4.565 
5 5.25 5.055 5 5.55 5.79 5 4.09 4.26 
6 5.12 5.185 6 4.78 5.165 6 5.58 4.835 
7 4.33 4.725 7 4.96 4.87 7 5.03 5.305 
8 4.76 4.545 8 5.99 5.475 8 3.95 4.49 
9 5.46 5.11 9 5.46 5.725 9 4.76 4.355 
10 6.25 5.855 10 5.09 5.275 10 4.56 4.66 
11 4.79 5.52 11 4.87 4.98 11 5.48 5.02 
12 4.09 4.44 12 3.8 4.335 12 5.4 5.44 
13 4.8 4.445 13 4.76 4.28 13 5.21 5.305 
14 5.59 5.195 14 5.51 5.135 14 4.53 4.87 
15 4.68 5.135 15 4.96 5.235 15 4.81 4.67 
Testing results using pure PS (Run 4 to Run 6) 
Run 4 Run 5 Run 6 
Test No. YJ T, Test No. YJ YJ  Test No. YJ T, 
1 5.63 1 5.25 1 5.68 
2 5.95 5.79 2 5.33 5.29 2 4.97 5.325 
3 4.67 5.31 3 5.23 5.28 3 4.89 4.93 
4 5 4.835 4 4.7 4.965 4 4.65 4.77 
5 5.35 5.175 5 5.36 5.03 5 5.57 5.11 
6 4.08 4.715 6 5.1 5.23 6 6.09 5.83 
7 4.76 4.42 7 5.22 5.16 7 5.74 5.915 
8 4.99 4.875 8 4.9 5.06 8 4.75 5.245 
9 5.32 5.155 9 4.69 4.795 9 4.22 4.485 
10 5.49 5.405 10 5.48 5.085 10 3.8 4.01 
11 4.88 5.185 11 5.09 5.285 11 5.01 4.405 
12 3.9 4.39 12 3.51 4.3 12 4.34 4.675 
13 4.96 4.43 13 5.09 4.3 13 5.04 4.69 
14 4.69 4.825 14 4.11 4.6 14 4.78 4.91 
15 5.47 5.08 15 4.85 4.48 15 4.83 4.805 
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Testing results using 90% PS and 10% LDPE mixed materials (Run 7 to Run 9) 
Run 7 Run 8 Run 9 
Test No. yj T, Test No. yj Y,  Test No. YJ YJ  
1 6.79 1 6.52 1 5.95 
2 7.1 6.945 2 5.47 5.995 2 6.74 6.345 
3 5.88 6.49 3 6.04 5.755 3 7.01 6.875 
4 8.03 6.955 4 5.04 5.54 4 6.24 6.625 
5 6.14 7.085 5 7.32 6.18 5 8.42 7.33 
6 5.47 5.805 6 6.65 6.985 6 6.59 7.505 
7 4.7 5.085 7 5.99 6.32 7 7.12 6.855 
8 4.88 4.79 8 6.09 6.04 8 5.7 6.41 
9 7.04 5.96 9 6.75 6.42 9 5.89 5.795 
10 6.89 6.965 10 5.77 6.26 10 6.48 6.185 
11 6.21 6.55 11 6.02 5.895 11 4.56 5.52 
12 6.57 6.39 12 6.43 6.225 12 6.33 5.445 
13 6.77 6.67 13 7.19 6.81 13 6.82 6.575 
14 7.34 7.055 14 5.74 6.465 14 5.96 6.39 
15 5.98 6.66 15 6.35 6.045 15 6.74 6.35 
Testing results using 90% PS and 10% LDPE mixed materials (Run 10 to Run 12) 
Run 10 Run 11 Run 12 
Test No. y }  Test No. Y j  Y j  Test No. 7; YJ 
1 5.62 1 6.48 1 7.26 
2 6.03 5.825 2 6.03 6.255 2 6.77 7.015 
3 5.88 5.955 3 7.82 6.925 3 6.35 6.56 
4 5.97 5.925 4 5.67 6.745 4 6.81 6.58 
5 6.79 6.38 5 7.03 6.35 5 5.51 6.16 
6 6.04 6.415 6 6.46 6.745 6 5.96 5.735 
7 6.28 6.16 7 6.4 6.43 7 6.18 6.07 
8 6.01 6.145 8 6.23 6.315 8 5.29 5.735 
9 5.72 5.865 9 5.88 6.055 9 5.46 5.375 
10 6.49 6.105 10 6.34 6.11 10 6.09 5.775 
11 5.9 6.195 11 6.21 6.275 11 6.22 6.155 
12 6.45 6.175 12 5.17 5.69 12 5.74 5.98 
13 5.74 6.095 13 4.6 4.885 13 6.32 6.03 
14 6.34 6.04 14 5.24 4.92 14 5.6 5.96 
15 6.98 6.66 15 5.46 5.35 15 5.74 5.67 
I l l  
APPENDIX D. THE TWELVE TESTING GROUP RESULTS FOR FNN-IPMFM 
Testing results using pure PS (Run 1 to Run 3) 
Run 1 Run 2 Run 3 
Test No. 7/ 7/ Test No. 7/ 7 y Test No. 7 j 7 j 
1 4.55 1 5.27 1 5.47 
2 5.04 4.795 2 5.08 5.175 2 4.98 5.225 
3 4.39 4.715 3 4.97 5.025 3 5.02 5 
4 3.87 4.13 4 5.72 5.345 4 5.25 5.135 
5 4.08 3.975 5 5.55 5.635 5 4.99 5.12 
6 4.56 4.32 6 4.07 4.81 6 4.58 4.785 
7 3.9 4.23 7 3.67 3.87 7 4.77 4.675 
8 4.21 4.055 8 3.99 3.83 8 3.8 4.285 
9 5.15 4.68 9 4.62 4.305 9 4.18 3.99 
10 4.79 4.97 10 4.28 4.45 10 4.72 4.45 
11 4.61 4.7 11 3.79 4.035 11 4.57 4.645 
12 3.88 4.245 12 5.04 4.415 12 5.23 4.9 
13 4.32 4.1 13 5.12 5.08 13 4.96 5.095 
14 4.58 4.45 14 4.8 4.96 14 4.36 4.66 
15 4.75 4.665 15 4.74 4.77 15 4.81 4.585 
Testing results using pure PS (Run 4 to Run 6) 
Run 4 Run 5 Run 6 
Test No. 7 j  7; Test No. 7 j  7 j  Test No. 7 j  7 j 
1 5.14 1 4.38 1 3.46 
2 6.24 5.69 2 4.26 4.32 2 3.95 3.705 
3 5.07 5.655 3 5.23 4.745 3 4.67 4.31 
4 4.75 4.91 4 5.67 5.45 4 4.28 4.475 
5 5.13 4.94 5 4.38 5.025 5 5.14 4.71 
6 4.88 5.005 6 5.05 4.715 6 5.66 5.4 
7 4.29 4.585 7 4.22 4.635 7 4.99 5.325 
8 4.07 4.18 8 4.6 4.41 8 4.3 4.645 
9 5.12 4.595 9 3.49 4.045 9 3.92 4.11 
10 5.19 5.155 10 4.65 4.07 10 3.67 3.795 
11 3.64 4.415 11 3.91 4.28 11 4.45 4.06 
12 3.7 3.67 12 3.25 3.58 12 5.04 4.745 
13 4.86 4.28 13 4.7 3.975 13 5.18 5.11 
14 5.01 4.935 14 4.28 4.49 14 4.7 4.94 
15 4.55 4.78 15 4.01 4.145 15 4.84 4.77 
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Testing results using 90% PS and 10% LDPE mixed materials (Run 7 to Run 9) 
Run? Run8 Run9 
Test No. y j  Test No. y j  y j  Test No. y j  y j  
1 6.74 1 5.65 1 6 59 
2 6.47 6.605 2 6.42 6.035 2 6.18 6.385 
3 5.77 6.12 3 6.08 6.25 3 6.33 6.255 
4 5.86 5.815 4 5.05 5.565 4 5.98 6.155 
5 6 39 6.125 5 5 66 5.355 5 7.54 6.76 
6 5.81 6.1 6 6.39 6.025 6 5.7 6.62 
7 6.55 6.18 7 6.59 6.49 7 6.08 5.89 
8 7.01 6.78 8 8.01 7.3 8 689 6.485 
9 7.42 7.215 9 5.67 6.84 9 6.13 6.51 
10 6.25 6.835 10 5.98 5.825 10 5.83 5.98 
11 5.7 5.975 11 6 5.99 11 6 29 6.06 
12 7.09 6.395 12 6.23 6.115 12 6.22 6.255 
13 6.37 6.73 13 7.06 6.645 13 7.12 6.67 
14 5.88 6.125 14 5.76 6.41 14 6.46 6.79 
15 6.24 6.06 15 6.41 6.085 15 5.71 6.085 
Testing results using 90% PS and 10% LDPE mixed materials (Run 10 to Run 12) 
Run 10 Run 11 Run 12 
Test No. y  j  Test No. y j  y j  Test No. y j  y }  
1 5.38 1 6.11 1 5.35 
2 5.06 5.22 2 5.98 6.045 2 4.56 4.955 
3 6.42 5.74 3 6.45 6.215 3 5.12 4.84 
4 6.1 6.26 4 6.88 6.665 4 5.68 5.4 
5 5.78 5.94 5 7.22 7.05 5 5.8 5.74 
6 7.03 6.405 6 6.18 6.7 6 6.09 5.945 
7 5.69 6.36 7 6.8 649 7 6.22 6.155 
8 5.71 5.7 8 5.43 6.115 8 5.78 6 
9 5.72 5.715 9 4.99 5.21 9 5.59 5.685 
10 5.89 5.805 10 6.42 5.705 10 6.46 6.025 
11 6.79 6.34 11 6.29 6.355 11 6.21 6.335 
12 6.74 6.765 12 6.1 6.195 12 5.99 6.1 
13 5.84 6.29 13 5.87 5.985 13 5.42 5.705 
14 5.69 5.765 14 6.08 5.975 14 6.12 5.77 
15 7.08 6.385 15 6.01 6.045 15 6.02 6.07 
